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Abstract

Modern database systems are increasingly expected to support
hybrid queries that combine traditional relational operators with
vector-based similarity search enabling applications such as se-
mantic search, contextual recommendations, and multimodal
analytics. However, existing benchmarks target either purely
relational workloads or isolated similarity search, leaving a gap
in evaluating database systems that aim to integrate both. In this
paper, we present RVBENCH, a benchmarking framework for eval-
uating hybrid relational-vector workloads. RvBENCH comes with
a relational data model that adapts the real-world MediaWiki
schema to include vector columns and provides a suite of pa-
rameterized SQL templates that interleave similarity search with
traditional SQL operations. The framework supports multiple
similarity semantics (neighbors based on top-k, rank intervals,
and sampled ranks) and allows generating hybrid workloads
to evaluate database systems on both performance and retrieval
quality. We demonstrate RvBENcH by benchmarking and compar-
ing PostgreSQL and other commercial databases with a reference
implementation of the workloads to highlight key trade-offs in
query execution strategies and accuracy.
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1 Introduction

Databases have long served as the cornerstone of data analytics,
powering applications from transaction processing to large-scale
reporting and business intelligence. Relational database systems
in particular provide a rich set of operators (e.g., joins, filters,
and aggregations) that allow users to express complex queries
declaratively over structured data with strong consistency guar-
antees and automatic query optimization. Their ubiquity across
industries attests to the robustness of the relational data model
and the extensive ecosystem of query planners, storage engines,
and indexing techniques that have been developed over decades.

1.1 Motivation

The widespread growth of machine learning (ML) and Artificial
Intelligence (AI) technologies has resulted in the evolution of
analytical workloads to include recommendations [16, 18, 22],
semantic search [13, 25], and question answering [30]. As a con-
sequence, it is increasingly common to have queries over the
embeddings produced by ML models (e.g., word2vec [17, 28],
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large-scale transformer encoders [6, 10, 34, 39]) that map un-
structured data (text, images, audio) into high-dimensional vector
spaces [3, 9, 29]. These vector similarity-based queries, which
use k-nearest neighbor (kNN) and/or approximate nearest neigh-
bor (ANN) operations over these embeddings, enable “semantic”
proximity searches that go beyond keyword matching. This has
given rise to the new class of “vector databases" [33, 40, 42] that
are designed to efficiently handle such KNN/ANN queries. Note
that, these systems evaluate similarity search queries in isolation
and do not support relational operations.

On the other hand, interleaving relational and similarity-search
operations in a single hybrid query can yield significant advan-
tages. First, it becomes easier to develop richer applications such
as contextual recommendation systems, content-aware analytics
pipelines, and real-time decision support, where structured and
unstructured data must be processed jointly. As a concrete ex-
ample, consider an e-commerce application where a user wants
to view products that are similar to a given product with pro-
motional offers or analyze which categories or brands have the
most products in the least similar range to a given product. Ta-
ble 1 lists several such use cases that illustrates the need for
such interleaving queries. Second, from a database perspective,
query optimizers can be leveraged to identify optimal plans to
execute these queries. Thus, the developer does not have to in-
dividually handle/coordinate the relational and vector search
operations. It is therefore not surprising that several academic
(e.g.,[43, 45]), as well as industrial-strength database engines in-
cluding PostgreSQL [8], SQL-server [36], and Oracle [31] have
begun embedding vector support in SQL systems.

However, systematic exploration and evaluation of the design
space of hybrid queries still remains nascent. Current benchmarks
explore a only narrow slice of this space, as described next.

1.2 Related Work: Benchmarking Frameworks

Traditional Benchmarks. Traditional relational benchmarks in-
clude synthetic workloads such as TPC-H [38], TPC-DS [37], and
JOB [21], as well as real-world workloads like STACK [27] from
Stack Exchange. These benchmarks help test different aspects
of the traditional relational query execution pipeline such as the
query optimizer, indexes, cardinality estimations, etc. [5, 12].

Vector Benchmarks. To evaluate indexing structures and search
algorithms for Approximate Nearest Neighbor (ANN) or vector
search tasks, several benchmarks have been proposed. The most
widely used is [24], featuring datasets like GlovelM, GIST1M,
SIFT1M, and LAION. While popular, these datasets are limited in
scale and lack diversity in embedding properties such as sparsity,
dimensionality, and modality. To address this, the Big ANN Bench-
marks [4] initiative introduced larger, more diverse datasets—e.g.,
Turing, SIFT, and OpenAl—and added support for hybrid queries

10.48786/edbt.2027.05
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Table 1: Hyrbid query applications in E-commerce domain.

Visual Similarity Search: User uploads a product image to see the top-5 most
visually similar products

Personalized Search with Filters: User searches for the top-10 similar prod-
ucts under 100 USD and from a specific brand

Category Insights: Top-20 similar products, grouped by category, showing
only categories with more than 3 similar items.

Cross-sell Engine: Find top-3 similar products to a viewed item, and join with
promotions table to show available discounts.

Mid-Tier Similarity Exploration: Iteratively browse beyond top-10 results by
applying range-based similarity filters (e.g., ranks [11-20] to discover relevant
but less obvious matches—supporting exploratory search

Market Segmentation Sampling: A business analyst samples products at
ranks 2, 8, and 25 and their shipping region to view regions with at least 2
products.

combining vector similarity with boolean predicates. However,
these benchmarks treat vectors as isolated entities—typically
single-column tables or raw files—failing to reflect scenarios
where vectors are embedded as first-class citizens in relational
databases. This limits evaluation of semantic search over richly
structured data.

Hybrid Relational-Vector Benchmarks. Currently available hy-
brid benchmarks focus only on evaluating the presence of filter
predicates (range / categorical) together with ANN queries. These
benchmarks can be classified into two categories. The first set
of benchmarks [7, 14, 47] take existing data sources (i.e. vec-
tor embeddings) and augment them with scalar attributes using
different data distributions. The second set of benchmarks [14,
41, 44] include data for which the scalar attributes naturally oc-
cur within the data. Some related but orthogonal works also
include: (i) RAGO [19] that addresses end-to-end RAG system
serving, proposing abstractions and optimizations for orchestrat-
ing LLM inference and vector search at the pipeline level, rather
than within a database query optimizer; and (ii) Hybrid Query-
ing over Relational Databases and LLMs ([46]) that focuses on
beyond-database question answering through LLM integration
and UDF-based reasoning.

Shortcomings. There are several shortcomings in these bench-
marks. First, as mentioned above, their workloads only evaluate
queries that interleave filters with ANN queries. Second, as a con-
sequence of this, the datasets used in these benchmarks are single
relation datasets (typically with a vector column and a attribute
column on which the filter is defined). This therefore restricts the
kind of queries that can be defined on them. Third, since the vec-
tor embeddings used are part of the original data source used in
the evaluation, using these benchmarks would not be able to test
the ANN index performance of alternative embeddings—having
the ability to evaluate with diverse embedding models is cru-
cial, as different real-world applications—ranging from semantic
search and recommendation systems to multimodal data analyt-
ics rely on embeddings that capture distinct semantic, contextual,
or domain-specific nuances. As mainstream database vendors
continue to improve vector support on their offerings, the hybrid
relational-vector workload space will only grow richer. Thus any
relational-vector hybrid benchmark should satisfy the following
properties to overcome the above shortcomings: (a) expressive—it
provides a suite of templated queries capturing diverse interleav-
ings of relational and similarity operators; (b) extensible-allows a
diverse set of embedding models to be plugged in for evaluation;
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and (c) scalable-allows generating hybrid database with varying
scale factors.

1.3 Contributions

In this paper, with the focus on analytical queries, we propose
RVBENCH, an expressive and extensible benchmarking frame-
work to evaluate hybrid relational-vector queries. The primary
target audience for our benchmarking framework is SQL engines
that support similarity constructs natively, in particular data-
base and engine developers working on crucial components such
as planner strategies, physical designs, index implementations,
and execution methods. To this end, we design the benchmark
database such that:

(1) the schema of the database follows a relational model
which includes both traditional column types as well as
vector columns (that store the embeddings). The data-
base itself is based on real-world MediaWiki dataset [15]
which was adapted to include vector columns on textual
attributes.

interchangeable embedding generators (e.g., openAl BERT)
can be used to generate the vector columns of varying di-
mensions.

the database can be instantiated at different scale factors to
support benchmarking under varying data/system loads.

@

~

®)

RVBENCH comprises an expressive suite of queries that inter-
leave relational constructs with similarity search operations!. To-
wards this end, we first define a taxonomy of the hybrid relational-
vector query design space which is then used to create a suite
of 39 query templates, each of which can be used to generate
multiple queries with varying selectivity. The individual queries
themselves were designed to reflect operational use cases such
as quality control, metadata analysis and revision tracking of
Wikipedia pages.

We demonstrate RvBENCH through an evaluation over pop-
ular open source (PostgreSQL with the pgvector [8] extension
and Milvus [40]) and commercial engines. Since many of the
queries proposed by RVBENCH are yet to be supported (through
the use of vector indexes in the corresponding query plans) by
these engines, we also provide an implementation of hand-crafted
query plans for all the queries to act as a reference. This imple-
mentation was designed to highlight potential opportunities for
improvement, also, that users can also plug-in a vector index
of their choosing during the evaluation. Finally, we discuss the
results of our experiments analyzing query performance and
accuracy trade-offs of the above evaluated approaches, and high-
light lessons for future hybrid query optimizer and index designs.

2 Background

We start with some background on similarity and approximate
nearest-neighbor search queries as well as vector index structures
that are commonly used to index vector embeddings.

2.1 Similarity Queries and Top-k Search

A similarity query operates over a collection of high-dimensional
vectors by measuring a distance or similarity metric between a
query vector g and each data vector v in the dataset. Common
metrics include Euclidean (#,) distance and cosine similarity. In
practice, users are typically interested in the top-k nearest neigh-
bors to g, i.e., the k data vectors that minimize the chosen distance

10ther forms of hybrid queries may comprise operations (other than similarity
search, eg: vector joins); we do not consider such queries in this paper.



or maximize similarity. Formally, given a set V = {v1,v,,...,0,}
and a distance function d(-, -), a top-k vector search returns
TopK(q, k) = argmin Z d(g,v).
SCV,ISI=k s

Exact top-k vector search requires computing d(g, v) over all
n vectors, which can become prohibitively expensive especially
when the number of vectors n and/or the dimensionality d of
the vectors are large. Therefore, approximate nearest-neighbor
search is often employed in practice for these queries.

2.2 Approximate Nearest-Neighbor Search

To reduce query latency, many systems (e.g., [23]) employ approx-
imate nearest-neighbor (ANN) algorithms that sacrifice accuracy
for speed and lower resource consumption. Instead of exhaus-
tively scanning the dataset, ANN approaches make use of an
index structure (see below) to return a candidate set S whose
elements are very likely to include the true top-k, with recall
typically measured as

Recall@k = M.

By tuning ANN parameters (e.g., search depth, number of
probes), users can trade off query accuracy against latency. ANN
search has become integral to any production-scale workload,
where millisecond-level responses are required over millions to
billions of vectors.

2.3 Vector Index Structures

ANN approaches rely on specialized index structures that orga-
nize vectors to support sub-linear time search. We briefly discuss
two commonly used indexes and refer readers to [32] for a more
comprehensive discussion on different types of vector indexes.

Hierarchical Navigable Small World (HNSW) [26]. HNSW builds
a multi-layer graph in which nodes correspond to data vectors
that are connected to their nearest neighbors at each layer. Higher
layers have sparser graph connectivity for long-range “jumps”,
while lower layers enable fine-grained navigation. Queries tra-
verse from the top down, greedily moving to closer neighbors
until convergence. HNSW offers high recall and low latency for
a wide range of datasets [2]. At the same time, it also suffers
from prolonged build times, increased memory consumption,
and more complex maintenance of the index structure.

Inverted File (IVF) with Flat or PQ Encoding [20]. An IVF-based
index partitions the vector space into m “cells” (e.g., via k-means
clustering). Each cell holds a list of assigned vectors. At query
time, only the npope closest centroids to g are scanned.

Two common IVF variants include: IVF-Flat that stores raw
vectors in each cell; and IVF-PQ that applies product quantiza-
tion (PQ) to compress vectors within cells. Here, PQ is the process
of compressing high-dimensional vectors by splitting them into
smaller sub-vectors that are then quantized independently using
k-means clustering. Thus, IVF-PQ enables a fast and memory-
efficient approximate nearest neighbor search by operating in
the compressed domain at the cost of a slight accuracy loss.
Both these index types expose tunable knobs (graph connectiv-
ity, number of probes, quantization granularity) that affect the
latency/accuracy trade-off. In the context of a relational system,
embedding such indexes as first-class column indexes enables
new hybrid query plans that interleave similarity search with
filtering, joining, and aggregation operators.
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Figure 1: RVBENCH Architecture.
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3 RvVBENCH Architecture

In this section, we give an overview of the design of RVBENCH, an
extensible and expressive benchmark to evaluate hybrid relational-
vector workloads. As with any database benchmark, RvBENCH
consists of two components: the database generator and the query
workload generator. Our goal in the design of the benchmark
database generator was twofold:

(1) Extensibility: Given the rapid proliferation of embedding
models across domains, supporting a diverse set of models
is crucial for flexibility and relevance as new embeddings
continue to emerge, each capturing unique semantic and
contextual properties. Allowing users to easily plug in
and evaluate these models ensures that the benchmark
remains adaptable to evolving trends reflecting real-world
scenarios.

Scalability: The user should be able to generate databases
of different sizes. Unlike purely relational databases that
scale with the number of rows and columns, hybrid relational-
vector systems also scale with vector dimensionality. We
therefore define the overall scale factor of a database gener-
ated by RVBENCH as a pair SF = (S, D), where S represents
the raw physical size of the database (similar to traditional
benchmarks) and D denotes the embedding dimension.
Varying these two parameters allows for a methodical
evaluation of system performance as both relational and
vector components vary. Furthermore, the ability to eval-
uate with varying D also helps test the efficacy of the
underlying vector index.

(2

~

The query workload consists of a diverse set of query templates
designed to satisfy the following properties:

(1) Hybrid Expressiveness: The main aim of the query work-
load is to support a wide spectrum of queries that inter-
leave relational operators with vector similarity search.

(2) Parametric Flexibility: The users should also be able to eval-
uate with different parameters (e.g., selectivity, distance
metrics).

The architecture of the RVBENCH benchmark framework, de-
signed to satisfy the above mentioned desiderata, is illustrated
in Figure 1. It consists of two parts corresponding to database
generation and query generation components.

Database Generation Component. RvVBENCH builds upon the
openly available real-world MediaWiki [15] database as a base to
generate the hybrid relational-vector database. Specifically, we
use the Text, Revision, CategoryLinks, and Page tables from
the MediaWiki database and incorporate vector columns into
the schema of the Text and Page tables as shown in Figure 2.
Note that the primary goal of RVBENCH is to discern the effec-
tiveness of the underlying system in handling practical queries
involving relational and vector constructs, and not to stress test
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Page Text Revision CategoryLinks
page_id ? old_id ? rev_id ? cl_to
page._title old_text rev_page cl_from
page_len text_embedding rev_actor
namespace rev_timestamp
page_embedding rev_minor_edit

Figure 2: Benchmark schema comprising WikiMedia tables.
Vector columns are highlighted in green color.

traditional aspects like “large" join orderings (like those present
in benchmarks such as JOB). Thus, we surmise that these four
tables suffice to exercise the different constructs (e.g., joins) of
a query that interleaves relational with vector-based similarity
operations.

RVBENCH, out of the box, supports all the models present in
Python’s transformer module providing users with the flexibil-
ity to use the state-of-the-art models for embedding generation.
Additionally, the benchmark generation API also provides an
interface that allows users to connect with other custom AI/ML
models (e.g., private LLMs) to generate the embeddings for the
vector columns.

The users can also specify the scale factor SF = (S, D), of
the database to be generated, where S is size in GB, and D is
the vector dimension, which is determined by the embedding
generation model. By default, the scale factor is set to SF =
(S = 100 GB,D = 384 dimensions). This generates a database
in which the Text and Page tables each have 10 million rows
(and therefore 10 million vector embeddings). In our current
implementation, databases of varying sizes are generated by
appropriately sampling the rows of the above two tables from
the full-sized WikiMedia database. Thus, at the default value of
D = 384, the largest database RVBENCH generates has a size of
400 GB. When using an OpenAl embedding instead with D =
1536, this size increases to 1.4 TB.

Query Generation Component. This component comprises of a
collection of parameterized SQL templates and parameter binder
that, given a template and a configuration (e.g., query texts, k,
thresholds, filter predicates), instantiates concrete hybrid SQL
queries. Based on the motivating use cases (see Table 1), we
devised a taxonomy of the relational-vector hybrid query de-
sign space (Section 4) which we then used to create the query
templates (Section 5).

Discussion. RVBENCH is similar in spirit to the TPC bench-
marking framework. Our goal is not to exhaustively explore
configuration knobs or compare engines under all possible set-
tings, but to provide a principled design space and representative
query templates that highlight planner limitations and execution
trade-offs for hybrid vector-relational workloads. Engine devel-
opers and researchers can extend this framework to incorporate
additional configuration dimensions relevant to their systems.

4 Design Space for Hybrid Queries

Based on the motivating scenarios from the e-commerce exam-
ple (Table 1), we systematically explore how various similarity
constructs can interact with SQL constructs to propose a design
space of hybrid relational-vector queries, illustrated in Figure 3.

Analogous to traditional relational queries, similarity search
also necessitates filtering mechanisms tailored to user intent. In
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Figure 3: Design space for hybrid relational-vector queries.

this context, we identify three similarity constructs shown on
the right side of Figure 3.

o Top-k Nearest Neighbors: This is the traditional form
of vector search which retrieves the closest items most
similar to a given query vector. The closest items can be
specified either through a top-k constraint, or through a
(maximum) distance threshold d.

Neighbors in an Interval[¢, u]: This is a generaliza-
tion of the traditional neighbor query that retrieves items
whose similarity ranks (or distances) fall between ¢ and
u. This allows for more flexible retrieval beyond the most
similar matches. For example, see the “mid-tier similar-
ity exploration” use case in Table 1. In such exploratory
search scenarios, users often seek to go beyond the top-k
most similar results to examine the next tier of relevant
items. Hybrid queries can enable this by applying rank-
based filters on similarity scores (e.g., those ranked 10-20),
allowing users to paginate through results in decreasing
similarity bands. This supports discovery-oriented use
cases where diversity or novelty is preferred over purely
top-k results.

Sampled Neighbors: This construct allows neighbors
to be sampled, i.e., the queries are used to select items
positioned at specific similarity ranks (or distances). For
example, consider the market segmentation application
in Table 1, where a business analyst samples neighboring
products at ranks 2, 8, and 25.

As for the SQL constructs, we subdivide them into basic, in-
termediate, and advanced categories as shown in Figure 3:

e Basic queries involve attribute selection and projection,
and those that have a WHERE clause for attribute-based
filtering.

o Intermediate queries includes those with joins across
related tables for richer context, GROUP BY, aggregation
functions, and HAVING clauses for analytical workloads.

e Advanced incorporates WITH clauses, CASE expressions,
set operations, and nested subqueries to support complex
query logic.

This design space demonstrates that, by interleaving various
similarity constructs with SQL constructs, one can support not
just direct similarity search but also mid-tier exploration, dissim-
ilarity search, diversity sampling, and novelty-driven discovery.
Notably, sampled neighbor queries empower applications to sam-
ple products at arbitrarily chosen similarity levels, supporting



user-driven exploration and business analytics that are not pos-
sible with the traditional nearest neighbor queries.

In addition to the e-commerce application scenarios in Table 1,
there are numerous additional use cases where such query pat-
terns naturally arise. Domains such as content moderation, fraud
detection, scientific research, and legal discovery all benefit from
the ability to flexibly retrieve items by similarity, dissimilarity,
diversity, or novelty. For example, in content moderation, mul-
timodal and semantic similarity search enables the detection of
harmful or plagiarized material across text, images, and video,
even when content is obfuscated or rephrased. This approach is
widely used to automate moderation workflows, improve accu-
racy, and reduce manual review requirements.

Furthermore, in recall-oriented settings, distance-based fil-
tering (e.g., retrieving all items within a threshold distance d
in vector space) is particularly valuable. This pattern, too, can
be mapped onto the three query categories analogous to those
shown in Figure 3: nearest within d (top-k), points within a dis-
tance band (continuous range), and points within multiple dis-
crete distance bands. These versatile approaches enable a wide
range of applications across industries, highlighting the broad
relevance and impact of relational-vector query integration.

5 Query Workload

We now describe the query templates used in RVBENCH, inspired
by real-world workloads from the WikiMedia database [1] and
extend them with similarity search constructs in SQL. We derived
these templates by examining over 50 MediaWiki query types to
ensure that they are both realistic and semantically meaningful.
We first describe the query templates for the traditional nearest
neighbor-based queries with increasing relational complexity in
Section 5.1. We then present analogous queries for the interval
and sampled neighbor classes in Sections 5.2 and 5.3, respectively.

In all the queries, s-op represents the semantic similarity oper-
ation and q represent the input embedding (i.e., vector constraint
of the query). Finally, for ease of presentation, we use bold font
to differentiate between rank and distance based metrics.

Need for Hybrid Query Constructs. Although many of our
benchmark queries can be expressed in standard SQL augmented
with similarity functions (e.g., via pgvector), the resulting for-
mulations are often verbose, unintuitive, and hard to compose.
Beyond simple filter-plus-kNN patterns, expressing hybrid se-
mantics typically requires complex rewrites with nested queries
and manual ordering logic. This underscores the need for dedi-
cated hybrid query constructs—language extensions that natively
integrate relational and vector operations, improving expressivity
while helping the optimizer better exploit vector indexes.

Discussion. We intentionally do not distribute templates uni-
formly across the design space since some regions correspond to
application patterns that are more frequent in practice. Empir-
ically, hybrid search workloads tend to concentrate in nearest-
neighbor—centric patterns. Accordingly, our benchmarking frame-
work includes more templates in these regions to reflect realistic
usage rather than imposing an artificial uniformity.

5.1 Nearest Neighbor-based Queries

We present query templates for the 3 types of SQL constructs.
For each type of query, there can be two variants: rank-based (i.e.
top-k) and distance based. Due to space limitations, we provide
SQL statements only for a representative set of queries. SQL
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statements for the other queries are simple variations of these
and can be found in our repository [35].

5.1.1 Basic SQL Constructs. Queries that combine basic SQL
constructs with vector constructs primarily test the quality of
the underlying vector index. Depending on the relational filter
constraint used, they could also asses the selectivity estimation
quality of the optimizer (e.g., instead of using the vector index,
it might be better to use a plan that filters the rows first, fol-
lowed by computing the vector distances explicitly for each of
the remaining rows when the filter is highly selective).

NQ 1: This is a traditional query that lists the top-k Wikipedia
page ids (with title) whose page title is most similar to q. The SQL
statement for this query can be written as follows:

SELECT page_id, page_title FROM page

ORDER BY page_embedding s-op q, page_id
LIMIT {k};

NQ 2: This is a distance-based equivalent of NQ 1 that lists
all Wikipedia page ids (with title) whose page title is semantically
similar to q in the sense of having its similarity distance less
than d.

SELECT page_id,page_title FROM page
WHERE page_embedding s-op q < {d}
ORDER BY page_embedding s-op g, page_id;

NQ 3. This query is used to list the top-k Wikipedia pages
(sorted by similarity followed by page ID) that is most similar to q
and whose content length is less than 1len. The SQL statement for
this query is similar to that of NQ 1 with the addition of a WHERE
clause that filters based on the content length.

SELECT page_id,page_title FROM page
WHERE page_len < {len}
ORDER BY page_embedding s-op q, page_id LIMIT {k};

NQ 4. This distance-based equivalent of NQ 3 lists Wikipedia
pages (sorted by similarity distance, page ID) whose content length
is less than 1en and whose similarity distance to q is less than d.

5.1.2 Intermediate SQL Constructs. We now increase the com-
plexity of the query through the addition of (relational) join
and group-by aggregate clauses. In addition to evaluating vector
indexing quality, these queries help also asses the query opti-
mization strategies such as predicate ordering and push downs,
as well as runtime execution strategies used for aggregation and
index caching.

NQ 5. This query retrieves the top-k IDs of Wikipedia revisions
(rev_id) that are similar to q, and was revised between DATE _LOW
and DATE_HIGH. The results are ordered by vector similarity fol-
lowed by page ID. As shown in the SQL statement below, this
query requires the join of two tables Text and Revision.

SELECT rev_id FROM text JOIN revision ON old_id=rev_id

WHERE rev_timestamp>={date_low} AND rev_timestamp<={date_high}
ORDER BY text_embedding s-op q, old_id

LIMIT {k};

NQ 6. This is the distance-threshold equivalent of NQ 5 that
retrieves the IDs of Wikipedia revisions (rev_id) that were re-
vised between DATE_LOW and DATE_HIGH, and whose similarity
distance to q is less than d.

NQ 7. This query retrieves Wikipedia revision authors (rev_actor)

ordered by the number of contributions to the top-k pages with
length less than len, where the pages are similar to q.
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SELECT rev_actor,count(*) AS cou

FROM ( SELECT page_id FROM page WHERE page_len < {len}
ORDER BY embedding s-op q, page_id

LIMIT {k}

as new_page join revision on page_id=rev_page
GROUP BY rev_actor

ORDER BY cou DESC;

NQ 8. The distance threshold equivalent of the NQ 7 that
retrieves Wikipedia revision authors (rev_actor) ordered by the
number of contributions to pages with length less than len, where
the similarity distance between the pages and q is less than d.

5.1.3 Advanced SQL Constructs. These queries ups the ante
through the inclusion of subqueries and advanced SQL constructs
such as CASE statements, WITH clauses, etc. that also help test
more complex optimization strategies.

NQ 9. This query retrieves the top-k Wikipedia revisions for
each year between YEARL and YEARH that are similar to q. For
each selected revision, the query return its year, ID (old_id), and
similarity score. The SQL statement for this query, as shown below,
makes use of a nested sub-query to accomplish the required task.

SELECT year, old_id, distance FROM (
SELECT old_id, EXTRACT(YEAR FROM rev_timestamp) AS year
text_embedding s-op q AS distance,
ROW_NUMBER() OVER (PARTITION BY EXTRACT(
YEAR FROM rev_timestamp)
ORDER BY text_embedding s-op q, old_id
) AS rank FROM text JOIN revision ON old_id = rev_id
WHERE EXTRACT(YEAR FROM rev_timestamp) BETWEEN {year_low} AND {year_high}
) AS ranked_pages WHERE rank <= {k}
ORDER BY year DESC, distance ASC;

NQ 10. This is the distance threshold equivalent of the NQ 9
that retrieves Wikipedia revisions for each year between YEARL and
YEARH whose similarity distance to q is less than d.

NQ 11. This query retrieves the yearly distribution of Wikipedia
revisions for the pages that are semantically similar to q, based on
top-k similarity.

SELECT EXTRACT(YEAR FROM rev_timestamp) AS year, COUNT(*)
FROM revision JOIN (SELECT page_id FROM page

ORDER BY page_embedding s-op q, page_id

LIMIT {k}

) AS filtered_pages ON revision.rev_page=filtered_pages.page_id
GROUP BY year;

NQ 12. This is the distance-threshold equivalent of NQ 11 that
retrieves the yearly distribution of Wikipedia revisions for the pages
whose similarity distance to q is less than d.

NQ 13. This query retrieves Wikipedia revision authors (rev_actor)

ranked by the total number of minor edits they made to the top-k
pages that are similar to . As shown in the SQL statement below,
this query performs a join between the Revision table and the
result from a top-k subquery.

SELECT rev_actor, sum(rev_minor_edit) AS total_minor_edits
FROM (SELECT old_id FROM text
ORDER BY text_embedding s-op q, old_id
LIMIT {k}
) AS new_text JOIN revision ON old_id=rev_id
GROUP BY rev_actor
ORDER BY total_minor_edits DESC;

NQ 14. This is the distance-threshold equivalent of NQ 13
that retrieves Wikipedia revision authors (rev_actor) ranked by
the total number of minor edits they made to pages that are at a
similarity distance less than d to q.

NQ 15. This query retrieves, for each Wikipedia category, the
page that is most semantically similar to the average embedding
(centroid) of all pages in that category.
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WITH category_centroids AS (
SELECT cl.cl_to, AVG(p.page_embedding) AS centroid
FROM page p JOIN categorylinks cl ON p.page_id=cl.cl_from
GROUP BY cl.cl_to)

SELECT c.cl_to, p.page_id, p.page_title

FROM category_centroids ¢ JOIN LATERAL (
SELECT p.page_id, p.page_title
FROM page p JOIN categorylinks cl ON p.page_id=cl.cl_from
WHERE cl.cl_to=c.cl_to
ORDER BY p.page_embedding s-op c.centroid, p.page_id
LIMIT 1

) p ON TRUE;

NQ 16. This query retrieves the top-k distinct results closest
to either of the two query vectors q1 and g2.

SELECT * FROM (
Select DISTINCT old_id, old_text FROM (
SELECT old_id, old_text, text_embedding s-op ql AS dist
FROM text
UNION
SELECT old_id, old_text, text_embedding s-op g2 AS dist
FROM text

)
ORDER BY dist

) LIMIT {k};

NQ 17. This query retrieves the top-k distinct results closest
to both of the two query vectors q1 and qg2.

5.2 Interval Neighbor-based Queries

The queries in this category replace the top-k (or the distance < d)
constraints with a two-sided interval. This set includes a total of
10 queries, IQ 1 to IQ 10, that are analogous to NQ 1 to NQ 10
respectively. To illustrate how these queries can be portrayed
using SQL, we list two queries, IQ 1 and IQ 2, below. We refer the
reader to our repository [35] for details on the other 8 queries.

IQ 1: This is the interval-neighbor equivalent of NQ 1 that lists
all the Wikipedia pages whose rank defined by its similarity to q
is the range [£,u]. The SQL statement for this query is shown
below:

SELECT old_id,old_text FROM text
ORDER BY text_embedding s-op q, old_id
LIMIT {r-1+1} OFFSET {1-1};

IQ 2: This is the distance-threshold equivalent of the above
query, where the rank is replaced by a similarity distance
interval as shown in the SQL statement below.

SELECT old_id,old_text FROM text
WHERE text_embedding s-op q BETWEEN {d} and {d*}
ORDER BY text_embedding s-op q, old_id;

5.3 Sampled Neighbor-based Queries

Queries in this category, as the name indicates, are used to sample
a discrete set of ranks (or intervals for the distance version).
Similar to interval neighbor-based queries, we design 10 queries,
SQ 1-SQ 10, in this category that are analogous to NQ 1 to NQ 10,
respectively. We use two of the queries, SQ 1 and SQ 2 to illustrate
how these queries are realized using SQL.

SQ 1: This query lists Wikipedia pages whose content similarity
ranks at specific positions ry, ra, . .., ry in terms of similarity to q.
This query is expressed in SQL as follows:

SELECT * FROM (
SELECT old_id, old_text, ROW_NUMBER() OVER () AS rank
FROM (SELECT old_id, old_text FROM text
ORDER BY text_embedding s-op q) AS ordered_limited
) AS ranked WHERE rank IN ({r1}, {r2}, ..., {rn});

SQ 2: The distance-threshold equivalent of SQ 1, this query
lists Wikipedia pages whose content is between multiple similarity
distance ranges—specifically, at least d; and at most d;, or at least
d, and at most d;, or at least d,, and at most d;, — in terms of
similarity to q. Rank the results by similarity and then by page ID.



SELECT old_id, old_text FROM text
WHERE (text_embedding s-op q BETWEEN {d1} AND {d1*})
OR (text_embedding s-op q BETWEEN {d2} AND {d2*})

OR (text_embedding s-op q BETWEEN {dn} AND {dn*})
ORDER BY text_embedding s-op q, old_id;

6 Reference Implementation

While the current extensions in both relational and vector-native
systems enable basic forms of hybrid query processing, their
expressive power remains limited. As can be seen in Section 7,
only 6 out of the 39 query templates make use of the vector in-
dex on a commercial engine. Even when the index is used for
these queries (such as in PostgreSQL), they often use suboptimal
execution strategies. Therefore, to better illustrate the potential
opportunities for improvement in query optimization and execu-
tion within such systems, we include a reference implementation
as part of RVBENCH that implements hand-crafted query plans
for these queries. Though not optimized, it provides an initial
target for these database engines.

The reference implementation is built on two core utility func-
tions - namely, Search and Reconstruct. These two together
enable vector-based retrieval and subsequent data reconstruction.

e Search-Rank(g, k) : Given a query embedding q and an
index over stored embeddings, this function returns the
top-k row identifiers corresponding to the nearest neigh-
bors in the embedding space. While various indexes can
be employed, in this work we use HNSW and IVFFlat as
representative index types.

e Reconstruct(table_name, columns, row_ids): This func-
tion retrieves data from the specified columns for a set
of rows identified by row_ids, which may correspond to
primary keys or auxiliary row-level identifiers maintained
during indexing.

The reference implementation further provides users with an
option to choose either a HSNW or an IVFFlat index for the
Search functions. We use the Faiss library [11] to support these
indexes.

Next, we describe the implementation for rank-based similar-
ity queries, followed by distance-based queries. Finally, we briefly
discuss some of the index-specific optimizations that were done.

6.1 Rank-based Queries

Traditional top-k (e.g., NQ 1). This is implemented simply in-
voking the Search-Rank(g, %) followed by Reconstruct.

Filters (e.g., NQ 3). A filter is implemented as a set of iterative
calls to Search-Rank(qg, %) as follows. Let s denote the estimated
selectivity of the predicate. Assuming uniform selectivity, we
initially invoke Search-Rank(q, [’;‘]) to account for potential
filtering. If fewer than k qualifying rows are returned, we repeat
the process by doubling the retrieval budget each time until the
search returns k rows satisfying the filter predicates.

Joins (e.g., NQ 5). The reference implementation follows the
same iterative refinement strategy used for filters. Specifically,
we invoke Search-Rank(q, *) multiple times, progressively in-
creasing the retrieval budget to compensate for tuples that may
be filtered out due to the join and relational predicates. Let s;
and s, denote the estimated selectivities of the relational filter
and the join condition, respectively. The initial invocation is
k

$1°82

Search—Rank(q,[ b This process continues, doubling the
size of the retrieval if necessary, until k results that satisfy all

predicates and joins are obtained.
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Group by-Aggregates (e.g., NQ 7). Once the results from an
invocation of Search-Rank / filter / join is obtained, we use
Reconstruct to retrieve the group-by key and aggregation columns,
which is then used to perform a hash-based group by and aggre-
gation.

Interval & Sampled Neighbor-based Queries. In this class of
queries, filters are based on interval or sampled neighbor seman-
tics. To implement interval-based neighbor queries, where the
goal is to return only those ranked between positions ¢ and u, we
invoke Search-Rank(q, u) to obtain the top-u nearest neighbors
to the query embedding q. The final result is obtained by filtering
out the top-(¢ — 1) entries, retaining only the neighbors ranked
from ¢ to u. Similarly, for sampled neighbor queries that retrieve
specific ranks ry, . . ., r,, we invoke Search-Rank(q, r,,) to obtain
the top-r, nearest neighbors to the query embedding q, and then
filter to retain only the desired ranks.

We are aware that this approach need not be the best way to
tackle such ranges. However, we would like to reiterate that our
goal in this context is to simply provide a reasonable baseline.
As support for such hybrid queries are added to various database
engines, we expect more performant and innovative solutions to
be proposed.

6.2 Distance-based Queries

All queries in this category follow a similar implementation tem-
plate akin to the rank-based similarity ones above. The queries
differ in the sense that given a query embedding q and a distance
threshold d, it retrieves vectors that lie within distance d of q. This
is implemented via a new utility function, Search-Distance(q, d),
which returns all such qualifying entries.

We again use an iterative refinement strategy: we repeatedly
invoke Search-Rank(q, *), beginning with a small retrieval size
(e.g., 1), and progressively double the number of results requested.
After each iteration, the maximum distant candidate is checked
against d, and the process continues until there exists at least one
neighbor in the returned result whose distance to q is greater
than d.

6.3 Index Conscious Optimizations

For distance-based queries using HNSW, typical top-k search
explores a portion of the graph whose size is roughly proportional
to k. This makes incremental search strategies feasible—such
as doubling k across iterations—especially when the stopping
criterion (e.g., the top result’s distance still below a constraint)
isn’t met. Importantly, in HNSW, query latency doesn’t increase
significantly with multiple such iterations.

However, the same strategy doesn’t work well for IVF-Flat.
Each search involves scanning full clusters, making repeated
iterations expensive. Instead, it is more efficient to apply the
distance constraint directly within a single search. Therefore, for
IVF-Flat, we use Faiss’s native distance-based filtering in a single
pass, which achieves similar recall as multiple iterations but with
lower latency.

7 Evaluation

We benchmark our reference implementation, pgvector (Post-
greSQL’s native vector extension), as well as publicly available
commercial offerings using RvBENCH. Our evaluation is designed
to quantify the trade-offs between accuracy and efficiency across
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Table 2: Benchmark queries and their parameters used in the experiments.
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Queries and Parameters
NQ2/NQ14 NQ3/NQ7 NQ4/NQ8 NQ5 NQ6 NQII/NQ16NQ12 NQO9 NQ 10 Q1 Q2 1Q3/1Q7 1Q4/1Q8 Q5
d=1.81 page_len=50 page_len=50 d1=2010 d=1.81 k =10 d=1.88 start_year=2010 start_year=2010 limit=10  d=1.81 page_len=50  page len=50  d1=2010

Small k=10 d=1.88 d2=2013 d1=2010 end_year=2013 end_year=2013  offset=40  d*=1.88 limit=10 d=1.88 d2=2013

k = d2=2013 k=10 d=1.81 offset=40 d*=1.94 limit=10
10 offset=40
d=1.88 page_len=100 page_len=100 d1=2012 d=1.88 k =50 d=1.94 start_year=2012 start_year=2012 limit=50  d=1.88 page_len=100 page_len=100 d1=2012

Medium k=50 d=1.94 d2=2018 d1=2012 end_year=2018 end_year=2018 offset=50  d*=1.95 limit=50 d=1.94 d2=2018

k = d2=2018 k =50 d=1.88 offset=50 d*=1.99 limit=50
50 offset=50
d=1.95 page_len=300 page_len=300 d1=2015 d=1.95 k =100 d=1.99 start_year=2015 start_year=2015 limit=100 d=1.95 page_len=300 page len=300 d1=2015

Large k=100 d=1.99 d2=2024 d1=2015 end_year=2024 end_year=2024 offset=100 d*=2.03 limit=100 d=1.99 d2=2024

k = d2=2024 k =100 d=1.95 offset=100 d*=2.07 limit=100
100 offset=100
106 109 SQ1 SQ2 SQ3/5Q7 SQ 4/SQ 8 SQ5 SQ6 SQ9

Small  d=1.81 start_year=2010 ranks_list= distance_ranges= page_len=50 page_len=50 d1=2010-10-07 d1=2010-10-07 start_year=2010
d*=1.88 end_year=2013 [1,3,5,7] (1.81,1.88),(1.92,1.95)  ranks_list=[1,3,5,7] distance_ranges= d2=2013-12-29 d2=2013-12-29 end_year=2013
d1=2010 1=41 (1.88,1.94),(1.97,1.99) ranks_list=[1,3,5,7] distance_ranges= ranks_list=[1,3,5,7]
d2=2013 =50 (1.81,1.88),(1.92,1.95)

Medium d=1.88 start_year=2012 ranks_list= distance_ranges= page_len=100 page_len=100 d1=2012-05-21 d1=2012-05-21 start_year=2012
d*=1.95 end_year=2018 [5,10,15,20,25, (1.88,1.95),(1.99,2.03)  ranks_list= distance_ranges= d2=2018-07-14 d2=2018-07-14 end_year=2018
d1=2012 1=51 30,35,40,45,50] [5,10,15,20,25, (1.94,1.99),(2.04,2.07) ranks_list= distance_ranges= ranks_list=
d2=2018 r=100 30,35,40,45,50] [5,10,15,20,25, (1.88,1.95),(1.99,2.03) [5,10,15,20,25,

30,35,40,45,50] 30,35,40,45,50]

Large d=1.95 start_year=2015 ranks_list= distance_ranges= page_len=300 page_len=300 d1=2015-09-11 d1=2015-09-11 start_year=2015
d*=2.03 end_year=2024 [1,11,21,31,41, (1.88,1.92),(1.95,1.97), ranks_list= distance_ranges= d2=2024-03-16 d2=2024-03-16 end_year=2024
d1=2015 1=101 51,61,71,81,91]  (1.99,2.01),(2.03,2.04) [1,11,21,31,41, (1.94,1.97),(1.99,2.01), ranks_list= distance_ranges= ranks_list=
d2=2024 r=200 51,61,71,81,91] (2.04,2.05),(2.07,2.08) [1,11,21,31,41, (1.88,1.92),(1.95,1.97),  [1,11,21,31,41,

51,61,71,81,91] (1.99,2.01),(2.03,2.04) 51,61,71,81,91]

different indexing schemes and query parameters, and demon-
strates interesting insights into the current state of hybrid work-
load support.

7.1 Setup

Implementation. We implemented RVBENCH in C++17 and
compiled it with GCC 9.4.0. All query execution, accuracy cal-
culation, and query file generation scripts are written in Python
3.8.10. We ran PostgreSQL 17.2 (Ubuntu 17.2-1.pgdg20.04+1)
with pgvector 0.8.0 for the database experiments. All experi-
ments were conducted on a server equipped with an Intel Xeon
E5-2695 v3 (2.30 GHz, 8 cores) and 32GB of RAM. PostgreSQL
configuration changes included disabling JIT, work_mem = 24GB,
and max_parallel_workers_per_gather = 0 (single threaded).
enable_seqgscan was set to of f when evaluating pgvector with
its index.

Dataset and Workload. We evaluated all hybrid queries (Sec-
tion 5) with different parameter configurations. Due to space
constraints, we limit our discussion to the ones listed in Table 2.
For each query, we considered three variants: small, medium,
and large, based on the query parameters. To generate the vector
constraint q for different queries, we used ChatGPT to gener-
ate Wikipedia page titles and the corresponding page content.
Unless otherwise mentioned, all queries were evaluated on a
SF=(100,384) scale factor database. We generated embeddings
using the Hugging Face transformers library with MiniLM-L12-
H384-uncased (384-D) and all-mpnet-base-v2 (768-D). A 128-D
variant was derived from the MiniLM vectors via Linear Compo-
nent Analysis (LCA).

Metrics. We used L2 and cosine distance to evaluate vector
similarity. Due to space constraints, we only report results using
the L2 distance and refer readers to [35] for experiments using
the cosine distance. For each query, we measure query latency
and in addition, precision@k and RMS error. Precision is defined

for queries that return a non-aggregated result. For queries that
compute an aggregate, we use RMS Error to measure the quality
of the results.

Approaches. We benchmark our Reference implementation
with two alternative vector indexing backends (HNSW and IVF-
Flat), and examine the impact of varying query parameters such
as the number of nearest neighbors k, distance thresholds, and fil-
ter selectivity. To contextualize the results, we benchmark pgvec-
tor, PostgreSQL’s native vector extension, using its built-in sim-
ilarity functions. pgvector is also evaluated using both HNSW
and IVFFlat indexes. In the interest of space, we report the results
of more popular HNSW indexes in some cases. Not all hybrid
queries are currently supported by pgvector—such queries are
executed by PostgreSQL without the use of a vector index;

Note that the Reference implementation isolates index-aware
execution strategies (search-rank and reconstruct; in Section 6),
and allows us to plug different ANN backends (HNSW, IVFFlat)
so we can evaluate index-level tradeoffs independently of a full
DBMS stack. This allows us to study opportunities an optimizer
or planner that current engines could exploit. We would like to
further clarify that our setup disables concurrency and logging
given our focus on OLAP workloads. Additionally, we made sure
that query parsing and planning time is excluded for PostgreSQL.
Furthermore, our Reference implementation also uses disk—the
relational tables are stored on files, and read on demand.

Results Organization. In what follows, we report our findings
by categorizing the results into those that highlight: (a) effective
use of the kNN index (Section 7.2); (b) planner limitations in
terms of leveraging the index (Section 7.3); and (c) limitations
of current kNN index abstractions underscoring the need for
richer index semantics to support these advanced hybrid queries
(Section 7.4). We then discuss the impact of query parameters
and choice of indexes (Section 7.5), and data sizes across different
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Figure 4: Query latency for hybrid queries where both the Reference implementation and pgvector use a vector index.
Labels atop each bar report quality: P = Precision (non-aggregate queries) and E = RMSE (aggregate queries).

scale factor (Section 7.6). Finally, we document the current state of
commercial systems in handling hybrid workloads (Section 7.7).

7.2 Effective kNN Index Usage

We first focus on hybrid queries where both Reference and Post-
greSQL leverage the vector index. Figure 4 reports results using
the HNSW index with the medium parameter setting (cf. Table 2).

Across neighbor-based queries (NQ 2, NQ 3, NQ 5, NQ 7, and
NQ 11), Reference generally achieves accuracy comparable to
or better than PostgreSQL while often delivering lower latency,
except when adaptive probing incurs extra work. For simple re-
trieval queries such as NQ 2 and NQ 3, both systems repeatedly
invoke Search-Rank(g, *) with increasing (k); their quality is
similar because the initial (k) estimates are adequate, and latency
differences mainly reflect implementation details in the underly-
ing HNSW libraries. In contrast, queries with joins or aggregates
(NQ 5, NQ 7, NQ 11) reveal clear tradeoffs between accuracy,
latency, and index-aware planning.

In NQ 5, which combines ANN retrieval with a join and filter,
Reference achieves substantially higher recall than PostgreSQL
by adaptively increasing (k) until enough join-qualified neighbors
are found. By contrast, PostgreSQL ’s fixed seed (k) often leads
to premature termination of the ANN search. This highlights
the sensitivity of HNSW accuracy to seed selection and stopping
criteria: a sufficiently large initial (k), chosen with awareness
of downstream relational operators, can significantly improve
quality.

For aggregate-heavy variants such as NQ 7 and NQ 11, both
systems can index-scan vectors and stream results into a GROUP
BY, leading to comparable execution times. We report accuracy
using RMSE for these queries, since correctness depends not
only on retrieving the right tuples but also on computing cor-
rect aggregate values per group. As expected, RMSE is higher
(i-e. lower accuracy) than in non-aggregate queries like NQ 3,
reflecting the compounded uncertainty introduced by joins and
aggregation. Nevertheless, when planning is index-aware, the
Reference matches or slightly improves upon PostgreSQL ’s ac-
curacy without incurring prohibitive overhead.

Interval-based queries (IQ 1, IQ 2, IQ 3, IQ 5, and IQ 7) fur-
ther stress the interaction between ANN search and relational
semantics. In IQ 1, where the task is to return ranks in [, u],
both systems behave similarly because the query maps cleanly
to a top-u search followed by slicing. In contrast, IQ 2 and IQ 3
expose weaknesses in PostgreSQL’s stopping logic: when rank
is specified via distance thresholds or combined with filters, a
poorly chosen seed k leads to lower precision. The Reference’s
strategy of probing until distance bounds are satisfied—or until
enough filter-qualifying tuples are found—yields higher accu-
racy at modest additional cost. In join-heavy cases such as IQ 5
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and IQ 7, this “retry” logic again trades slightly higher latency
for substantially better result quality, underscoring the value of
adaptive, index-aware probing.

Finally, the sampled queries (SQ 1 and SQ 2) demonstrate
the clearest efficiency gap. In SQ 1, where only specific non-
contiguous ranks are requested, the Reference retrieves only
the top-7 neighbors and filters them, whereas PostgreSQL over-
queries (e.g., k = 51 in HNSW) before trimming results, incurring
unnecessary latency without any accuracy gain. This inefficiency
arises from a lack of correlation between the ORDER BY clause
and the rank selection in PostgreSQL’s planning. In SQ 2, which
replaces explicit ranks with a union of distance intervals, Post-
greSQL again suffers from a poor initial k, while the Reference
performs a single scan up to the global maximum threshold dy,,
and post-filters into subranges.

Takeaway. These results highlight the need for selectivity-aware
planning of ANN parameters: poor estimation can lead to subopti-
mal choices of the seed k, while a cost model that jointly reasons
about relational operators and vector indexes is critical for choosing
both the index and its search-time parameters.

7.3 Planner Unsupported Queries

We now consider the set of queries which can be implemented
using a vector index in Reference but not in PostgreSQL. The
results are shown in Figure 5. For all of these queries, PostgreSQL
resorts to a “brute-force” search thus having accurate results but
with very high latency, often orders-of-magnitude greater than
the Reference.

A common theme among these set of queries are that they
mostly use a distance-based similarity in them. In case of NQ 4,
the Reference iteratively queries the index and applies both the
distance filter and the predicate filter to obtain the result. Post-
greSQL, on the other hand, falls back to a bitmap scan on the
table, and so pays the full cost of reading all rows before fil-
tering. Similarly, when executing NQ 6, PostgreSQL resorts to
a nested loop join with full scans due to a mix of vector and
scalar predicates that are present along with join. Consequently,
PostgreSQL’s latency is very high, while our Reference imple-
mentation remains on par with NQ 4.

Figure 6 shows the query plans corresponding to the Refer-
ence implementation of NQ 8, and PostgreSQL’s approach. This
query extends NQ 4 ’s pattern with an aggregation, but with-
out an ORDER BY clause. PostgreSQL fails to recognize the em-
bedded kNN call and executes a full table scan with filtering,
resulting in multi-order-of-magnitude slower performance. The
Reference inlines the index lookup prior to join and thus achieves
millisecond-scale response across all query sizes. The same argu-
ment applies to NQ 12 with ORDER BY/LIMIT clause because it’s
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Figure 5: Query latency for hybrid queries for which pgvector does not leverage a vector index even though these queries
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Figure 6: Query Plans for NQ 8

queries as well. While the Reference implementation can handle
such queries, it suffers from a reduced result quality in some
cases. For example, SQ 4, which mirrors the structure of IQ 4,
the Reference aggregates query results over a range of sampled
distance intervals, progressing from minimum to maximum, and
applies the distance filter at the end. This approach allows the
Reference to avoid scanning the entire table while still preserving
accuracy. Similarly, the Reference adapts its search iteration to
account for the join cardinality in SQ 5 yielding correct results at
the expense of a small number of extra index calls. We see similar
trends for SQ 6, SQ 7 and SQ 8.

query planner falls back to kNN index, and NQ 14 which also has
a distance predicate that is followed by a join and an aggregation.

Query NQ 16 ranks items by the minimum of two distances—
each computed against a different embedding—and is unsup-
ported by PostgreSQL because its planner cannot compose mul-
tiple distance functions. Our approach exploits two key observa-
tions. First, to find the top-k by min(dy, d;), we independently
retrieve the top-k neighbors sorted by distance d; and by dis-
tance d,. Second, we merge these two ranked lists: for any item
appearing in both, we record min(d;, d;); for items appearing
in only one list, we conservatively approximate its score by the
distance from that list (relying on the assumption that the two
distance orderings are similarly distributed). Finally, we sort the
merged candidate set by these combined scores and output the
top-k. This two-phase strategy bounds the work done for the
two index scans and produces exact results under realistic data
distributions. PostgreSQL fails to leverage the index for the same
reasons even for NQ 17 which ranks items by the maximum
of two distances—again, one per embedding. Unlike the case of
NQ 16, the Reference employs an exponential-probe heuristic until

Takeaway. PostgreSQL frequently falls back to full scans when
distance predicates are combined with scalar filters, joins, or nested
subqueries, and also fails to exploit the KNN index for distance
filters without LIMIT or ORDER BY. While Reference can push vector
predicates through the planner to achieve millisecond latencies for
pure or filtered top-k queries, accuracy can still degrade for range
predicates, underscoring the need for neighborhood-aware vector
index design.

the intersection of the two result sets contains at least k items. It 7.4 Index Unsupported Queries
then computes max(dy, d;) for each item in this intersection and There are seven queries in RvBENcH’s workload that do not work
sorts them to finally return the top-k. well with the current vector index abstractions. The performance
We also observe similar patterns where PostgreSQL’s planner of four of these queries is shown in Figure 7. NQ 9 and NQ 10
resorts to full scans in interval-neighbor queries. Queries IQ 5, both require one kNN (or distance) search to be performed per
IQ 6, and IQ 8, being interval variants of NQ 5, NQ 6, and NQ 8 partition (year). Using current vector index abstractions would
respectively, follow the same trend as the top-k queries. However, require the index construction on each of the partitions, which is
they result in a lower overall accuracy, primarily due to the not a practically viable approach. Thus, neither the Reference im-
challenges introduced by interval-based filtering. plementation nor PostgreSQL can directly support “partitioned
Similar to the interval-based queries, the presence of sampled kNN”: both resort to sequential scans per partition. Likewise,
ranks as part of a intermediate or complex query does not equate IQ 9 issues an interval search within each partition, while SQ 9
to the use of the index by PostgreSQL’s planner. It thus fails requests discrete ranks within each partition, which are not sup-
to leverage the index for most of the sampled neighbor-based ported either.
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Figure 8: Impact of query parameters. Labels on bars report quality: P = Precision (non-aggregate queries) & E= RMSE
(aggregate queries).

Takeaway. Overall, these queries highlight current limitations outlier is SQ 3, which exhibits particularly low accuracy in the
in kNN index abstractions when they are combined with group- medium and large regimes. Here, the interaction between the
ing operations. Unlike simple filter-k NN, performing kNN search filter predicate and rank sampling amplifies sensitivity to minor
within group-by partitions is neither supported directly, nor is it rank misalignment: a shift of even one position can substantially
straightforward to adapt existing index structures to enable such degrade accuracy.
queries. This underscores the need for new index abstractions that We also evaluate the impact of index choice (HNSW and IVF-
natively support partition-aware similarity queries. Flat) on query performance. We omit the results due to space

constraints; these results are included in our repository [35] for
completeness. Overall, we observe that the retrieval quality of
7.5 Imp ?Ct of Query Parameters & Index HNSW is consistently superior to that of IVFFlat, aligning with
Choice the widely observed advantage of graph-based indexes in achiev-
In these set of experiments, we study the impact of query param- ing higher recall [24].
eters, i.e. small, medium and large (cf Table 2). Figure 8 shows
the results for workloads discussed in Sections 7.2 and 7.3. While
here we briefly discuss some key results for the Reference imple-
mentation with HNSW index; we point readers to our repository
for experiments with other index types and systems.

Takeaway. Overall, our experiments show that query sizes do
impact the selectivity of the filter which in turn highlights the need
of selectivity-conscious vector index design. Further choice of index
also impacts the query performance both in terms of latency and

In terms of query latency, we observe the expected overall accuracy.
trend that execution time increases with query size, although the . .
relationship is not uniform across all query classes. For top-k- 7.6 Scalability Experiments
based queries, larger values of k naturally require deeper index We now evaluate the Reference implementation and PostgreSQL
exploration, leading to higher search cost. For interval-based by varying the scale factor (SF). For these experiments, we fix the
queries, increased query size—captured by larger values of r— query search parameters (i.e., # clusters searched for in IVFFlat
similarly expands the search region and thus raises latency. Like- and queue size for HNSW), while the index creation parameters
wise, for sampled queries, higher maximum requested ranks are tuned according to the dataset size.
translate into larger candidate sets and longer retrieval times. First, we fix the dataset size at S = 10GB and vary the em-
Notably, however, queries such as NQ 5, IQ 5, and SQ 5 devi- bedding dimension D. The results are presented in Figure 9a. As
ate from this pattern: the large setting executes significantly expected, for all techniques query times increase with dimensions.
faster than medium. This counterintuitive behavior arises from However, the effect of varying dimension is more prominent for
differences in filter selectivity (e.g., 52% vs. 10% for NQ 5), which IVFFlat when compared to HNSW. This is due to the search strat-
dominate search cost in these timestamp-based workloads. More egy that differs across the index types: the number of neighbors
broadly, these results illustrate that a wider temporal range does searched using HNSW are small, due to which the distance com-
not necessarily imply higher search time when relational selec- putation time (which depends on the dimension of the vector)
tivity changes substantially. remains relatively low. On the other hand, since cluster sizes of

With respect to result quality, accuracy is generally stable the IVFFlat index are significantly larger than the degree of the
or improves slightly as query size grows. This reflects the fact HNSW graph, distances to more number of points needs to be
that larger result sets are more tolerant to small retrieval errors. computed, which results in the addition of a significant overhead
Nevertheless, we identify several exceptions—specifically NQ 3, as dimensions increase.
IQ 3, NQ 4, and IQ 4 —where accuracy improves more markedly Next, we fix the embedding dimension at D = 384 and vary the
from the small to larger settings. When k is small (as in low- dataset size S (Figure 9b). The Reference with HNSW consistently
top-k queries), even a few incorrect tuples can materially reduce outperforms PostgreSQL across all sizes. Moreover, HNSW query
precision after filtering. In contrast, for larger k, the same number times remain stable since the search space—governed by the
of errors has a negligible effect on overall quality. An additional graph degree (which remains constant across sizes) as well as
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Figure 9: Scalability experiments with varying SF.

the queue size used during querying (which is also constant).
In contrast, IVFFLAT is more scale-sensitive: the recommended
number of clusters is nlist = n/1000 for n < 10° and nlist =
y/n beyond that, resulting in larger clusters and hence higher
query times at larger scales.

7.7 Evaluating Commercial Systems

We also evaluated several commercial systems, denoted as A1, A2,
and A3?%. A1 represents a traditional enterprise-grade relational
database with recent vector support extensions, A2 corresponds
to a cloud-based analytical engine, and A3 is a distributed data-
base optimized for mixed workloads. Our benchmarking revealed
that current commercial systems remain in their early stages and
do not yet fully support RvBENCH ’s query workload. For in-
stance, A1 used the index for only 6 of the 39 queries, while A2
does not support index construction beyond 200K embeddings.
We also found A3 to be significantly slower than the others with
it’s default configuration.

Figure 10 additionally compares the Reference system against
three offerings—PostgreSQL, Milvus, and Al on the common
subset of queries they all support. Due to space limitations, we
only show results for 4 queries; more details can be found in
[35]. We used a smaller dataset (500K rows in page table due
to constraints on dataset size in free version of A1). Overall,
PostgreSQL exhibits trends closely aligned with those observed
in our earlier large-scale experiments. As before, PostgreSQL
fails to support NQ 4 and IQ 4, but for the remaining queries its
behavior is predictable and consistent with prior results.

Among other systems, Milvus supports a broader subset of
queries (NQ 1-NQ 4 and IQ 1 -IQ 4) and generally achieves
precision comparable to Reference, albeit with slightly higher
latency in most cases. A notable exception is IQ 3, where precision
drops visibly: this query combines a rank range with a relational
filter and requires retrieving neighbors up to a much higher rank
(200 versus 100 in the analogous NQ 3). The likely explanation is
premature termination of the ANN search when too few filter-
qualifying neighbors are found, leading to incomplete candidate
sets — further indicate that residual gaps stem from underlying
index quality rather than query planning.

A1 supports a different subset of queries (NQ 1, NQ 3, NQ 7,
NQ 11, NQ 13, and NQ 19) and delivers perfect precision (100%)
and zero RMSE across all of them, but at substantially higher
latency than both the Reference and Milvus. This suggests that
A1 internally considers a much larger candidate set before final
selection. Unlike other systems, Al does not expose low-level

2System names are anonymized in accordance with the “Dewitt Clause” which
prohibit public benchmarking or performance comparisons of commercial systems
without explicit vendor permission
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Figure 10: Results for a representative common subset of
queries supported by all systems.

tuning knobs such as ef_search; instead, it accepts a target accu-
racy parameter per query, which it maps internally to search-time
behavior. While this abstraction simplifies usage, it obscures con-
trol over performance and not well suited for workloads where
accuracy depends heavily on filter selectivity and join structure.

Takeaway. These results indicate that current commercial sys-
tems are actively maturing in their support for complex relational-
vector queries with clear tradeoffs between usability, latency, and
accuracy.

8 Conclusion

We proposed RvBENCH, a benchmarking framework to evaluate
analytical database systems for hybrid queries that interleave
relational operators with vector similarity search. It comprises of
two components: The first generates a relational-vector database
based on the MediaWiki tables with configurable parameters such
as scale factor and embedding model. The second generates the
hybrid relational-vector query workloads—this was accomplished
by first studying the design space of hybrid queries, which was
then used to create query templates comprising parameterized
queries that interleave SQL constructs with similarity search. We
also provided a Reference implementation of the hybrid query
workload. An evaluation with PostgreSQL and commercial en-
gines reveals that tight planner—index integration and adaptive
index-probing strategies reduce latency by up to an order of mag-
nitude. Additionally, these strategies maintain higher precision
(lower RMSE), especially for complex queries involving filters,
joins, nesting, and partitioned retrieval

In future, we plan to extend RVBENCH to leverage large lan-
guage models to generate more realistic textual data and em-
beddings for very large scale factors. We also intend to explore
new index and planner abstractions, such as partition-aware
kNN, interval/sampled neighbor primitives, and adaptive pa-
rameter tuning, to better support the full spectrum of hybrid
relational-vector queries in next-generation analytical engines.
Our focus was on OLAP-style vector-relational workloads, while
extending to OLTP workloads with index maintenance, inserts,
and transactional updates is an interesting future work.



Artifacts

The code developed for this work and used for all the experiments
presented is made publicly available at https://github.com/II'TD-
data-systems/RVBench
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