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Abstract We study Vector+SQL hybrid retrieval under structured filtering conditions and propose
a reproducible Top-K evaluation framework for uniformly analyzing the quality and tail latency of differ-
ent retrieval strategies. We construct controllable selectivity workloads on three text domains: arXiv,
news, and movies, and compute exact ground truth within the same filter candidate set to ensure
fair comparison. Experiments uniformly evaluate exact prefilter, ANN post-filter, two-stage probing,
partition-aligned retrieval, and adaptive routing, and report Recall@20 and p50/p95/p99 latency. The
results show that filter selectivity and predicate structure significantly affect the quality–latency trade-
off in hybrid retrieval: exact prefilter has the highest accuracy but the largest tail latency; ANN post-filter
is faster, but recall drops significantly under strict filtering; adaptive routing achieves more robust over-
all performance on the evaluated workloads. These results demonstrate that reporting only average
latency is insufficient to reflect the true system cost of hybrid retrieval. Our report provides a systematic
framework for evaluating, designing, and deploying hybrid retrieval strategies under filtering conditions,
accounting for correctness, tail latency, and reproducibility.
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1 Introduction
Many practical applications, such as recommender
systems, news retrieval, Q&A forums, and academic
literature search, require both semantic similaritymatch-
ing and structured constraint filtering. In other words,
a system must perform semantic retrieval over vector
representations while also applying SQL-style predicates,
such as category, time, author, price range, or language,
to support joint filtering. Therefore, Vector+SQL hybrid
retrieval is no longer merely a research topic in vector
databases; it is a crucial capability of production-grade
data systems [1, 12–14].

The core system tension of this problem lies in the
ongoing conflict between quality and cost. On the one
hand, performing structured filtering first, followed by
exact ranking within the filtered candidate set, typically
provides more reliable results; however, when the
corpus is large, query load fluctuates significantly, or
the candidate set remains large, tail latency (especially
p95/p99) often deteriorates rapidly. On the other hand,
Approximate Nearest Neighbor (ANN) mmethods such
as HNSW, FAISS, DiskANN, and SPANN can significantly
reduce query latency, but under strict filtering or low
selectivity conditions, post-filtering failures, insufficient
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Figure 1. Vector+SQL Overall workflow of the Vector+SQL hybrid retrieval framework.

effective candidates, and improper path selection can
all lead to decreased recall. Therefore, compared
to unfiltered semantic retrieval, hybrid retrieval with
structured conditions more closely approximates the
complex decision-making scenarios in real-world system
deployments, as illustrated in Figure, 1.

Although vector retrieval and ANNs have been
extensively studied, existing literature often focuses
on unfiltered vector search, vector database system
design, or approximate retrieval algorithms themselves.
A unified, systematic, and fair evaluation framework for
filtered Top-K behavior under SQL-style filtering con-
ditions remains lacking. Especially in filtered retrieval
scenarios, if the ground truth is not defined within the
same filtered candidate set, quality comparisons be-
tween different methods may be distorted. Accordingly,
we address the following question: how do the retrieval
quality and tail latency of different strategies change un-
der different selectivity conditions when semantic vector
retrieval and structured predicate filtering coexist? To
answer this question, we construct a unified evaluation
framework for filtered Top-K and compare the behavior
of exact prefilter, ANN post-filter, two-stage probing,
partition-aligned retrieval, and adaptive routing within
the same filtering context.

The main contributions of this study are as follows:

1. We propose a correctness-safe filtered Top-K evalu-
ation protocol: for any query and filtering predicate,

a corresponding candidate set is first constructed,
and the exact ground truth is then computed only
within this candidate set, thereby avoiding evalua-
tion bias caused by comparison with the globally
unfiltered top-K.

2. We construct a Vector+SQL hybrid retrieval work-
load with controllable selectivity to analyze how fil-
tering intensity affects retrieval quality and tail la-
tency.

3. We compare several representative strategies
within a unified framework, including exact pre-
filter, ANN post-filter, two-stage probing, partition-
aligned retrieval, and adaptive routing, and analyze
their quality–latency trade-offs in filtered Top-K
scenarios.

4. We emphasize tail latency rather than average la-
tency alone and report p50/p95/p99 to better char-
acterize system performance in production-like en-
vironments [17].

5. We provide reproducible experimental outputs,
including per-query logs, summary tables, latency
analysis under fixed recall targets, scalability
curves, and cost profiles, thereby providing a
verifiable experimental foundation for future
research.

2 Background and Related Work
In modern vector database management systems
(VDBMSs), Vector+SQL hybrid retrieval has emerged as
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a central systems problem [1–3, 12–16]. Among these,
ANN methods based on graph structures and quantiza-
tion techniques form the main algorithmic foundation
for large-scale scalable vector retrieval [4–10]. Further-
more, tail-aware, benchmark-driven evaluation is also
essential for characterizing performance behavior in
real-world systems [11, 17, 18].

2.1 Vector Search and ANN Indexes
Vector similarity retrieval is a core problem in modern
information retrieval and data management. In recent
years, graph-structured indexes have performed partic-
ularly well in ANN retrieval. HNSW has achieved a good
balance between high recall and low latency through
hierarchical navigable small-world graphs and has be-
come a representative graph indexing method [4]. FAISS
has promoted the popularization of large-scale vector
retrieval primitives and engineering implementations,
and supports brute-force search, quantized indexing,
and high-performance top-K selection in GPU environ-
ments [5]. In terms of vector compression, Product
Quantization (PQ) provides a classic path for storage
compression and approximate distance calculation of
high-dimensional vectors [6]. Furthermore, DiskANN
and SPANN have promoted the low-cost deployment
of billion-level vector retrieval through two routes:
disk-friendly graph indexing and memory-disk hybrid
indexing, respectively [7, 8]. Overall, these methods
collectively lay the foundation for modern ANN systems
to balance throughput, recall, and memory costs.

2.2 Hybrid Retrieval and Filtered ANN
Unlike pure vector search, queries in real-world appli-
cations often involve both semantic similarity require-
ments and structured constraints, such as "finding
similar items, but specifying category = X and time >
Y". These hybrid queries require the system to process
both vector operators and relational predicates, making
them more challenging than traditional ANN retrieval.
The most direct approach is to first return candidates
from the global ANN index and then apply structured
filtering to them; however, under low selectivity condi-
tions, this path often suffers from insufficient effective
candidates, leading to a decline in the quality of the
filtered Top-K. Existing research on this issue mainly
follows three directions: first, partitioned or routed

indexes, which narrow the search scope by splitting
data according to filter keys; second, two-stage retrieval,
which balances efficiency and quality by progressively
expanding the candidate budget and combining exact
reranking; and third, more tightly integrating vector
operators into the database system, enabling them to
work collaboratively with SQL filtering, joins, and full-text
search. Recent reviews of vector databases further point
out that hybrid queries involving attribute constraints
and vector retrieval remain a core research challenge in
VDBMS design.

2.3 Tail Latency, Benchmarking, and
Reproducibility

In system evaluation, reporting only average latency is
often insufficient to characterize true service quality, as
user experience is often dominated by high-quantile
tail latency, especially at p95 and p99. This problem is
even more pronounced in hybrid retrieval: the filtering
selectivity, candidate set size, and reordering cost all
vary with the query, resulting in significant heterogeneity
between queries. On the other hand, work such as ANN-
Benchmarks has promoted standardized evaluations
of approximate nearest neighbor algorithms, enabling
comparisons of latency-quality relationships between
different methods under a unified interface. However,
for hybrid retrieval with structured filtering conditions,
there is still a lack of a systematic benchmark framework
that defines ground truth within the same filtered
candidate set, reports both quality and tail latency, and
unifies the comparison of multiple strategies.

Therefore, fair evaluation of filtered Top-K algo-
rithms, tail latency characterization, and experimental
reproducibility constitute the direct background for
this work. Beyond the algorithms and systems them-
selves, the reproducibility practices in dataset releases
are also valuable for benchmark-oriented research.
Recent public dataset works demonstrate that pro-
viding machine-readable metadata, summary tables,
visualizations, and reproducible generation code helps
improve data auditability, experimental transparency,
and the efficiency of subsequent benchmark reuse [19].
Although this type of work does not directly address
Vector+SQL hybrid retrieval, it provides methodological
insight for building filtered retrieval benchmarks and
designing evaluation protocols.
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2.4 Gap Statement
In summary, existing research has made significant
progress in ANN algorithms, large-scale vector database
systems, and a comprehensive overview of vector
databases. However, for hybrid retrieval with filtering
conditions, a unified evaluation framework that simulta-
neously meets the following requirements is still lacking:
1) the ground truth is defined within the filtered candi-
date set; 2) the workload has a controllable selectivity;
3) the evaluation covers both quality and tail latency;
and 4) it can uniformly compare multiple candidate
generation and execution paths on the same query
set. Against this backdrop, we aim to characterize the
behavioral boundaries of Vector+SQL hybrid retrieval
under different filtering loads from a systems evaluation
perspective.

3 Problem Setup and Research Questions
3.1 System Model
Wemodel Vector+SQL hybrid retrieval as a filtered Top-K
retrieval problem with structured predicate constraints.
Let the corpus be represented as a table-structured
collection D, where each record corresponds to a docu-
ment or object, containing a unique identifier rid, a data
domain label dataset, a text field text, and structured
attributes available in some datasets (such as category
and year). For any query, the system simultaneously re-
ceives two types of input: one is the text query, mapped
to a query vector vq via the embedding function f (·); the
other is the structured predicate P , such as category IN
(...) or year >= .... Therefore, the retrieval objective
can be expressed as: among records satisfying the
predicate P , return the top-K results that are closest to
the query vector vq.

Under this setting, the predicate P first defines a filter
candidate set:

C = {di ∈ D : P (di) = true}

The system then performs ranking only within C and re-
turns the top-K results. Thismodeling formdirectly char-
acterizes the key challenge of hybrid retrieval: the size of
the candidate set |C| corresponding to different queries
may differ significantly, thus causing the same retrieval
strategy to perform inconsistently under different filter-
ing intensities. To ensure the interpretability and repro-

ducibility of subsequent comparisons. All strategies are
evaluated under a unified problem definition.

3.2 Evaluation Metrics
We characterize systembehavior from three dimensions:
quality, latency, and workload structure.

3.2.1 Retrieval Quality under Filtering
Conditions

We use Recall@K as the primary metric in the filtered
Top-K setting to measure the consistency between the
results returned by a certain strategy and the filtered
ground truth. For a given query q and predicate P , the
ground truth is not calculated on the global corpus, but
only within the same filtered candidate set C based on
normalized vector similarity to obtain the exact top-K
results. Accordingly, Recall@K is defined as:

Recall@K =
|GT@K ∩ Pred@K|

K

where GT@K denotes the exact top-K results on the
candidate set C, and Pred@K denotes the top-K results
returned by a given strategy.. This definition avoids eval-
uation bias caused by comparing the filtered prediction
results with the global unfiltered ground truth.

3.2.2 Latency Metrics, Especially Tail Latency
Considering that the execution cost of hybrid retrieval
varies with filtering intensity and candidate size, we re-
port p50, p95, and p99 latencies simultaneously to reflect
typical query experience and high-quantile tail behavior,
respectively. This setting is more suitable for characteriz-
ing the stability and cost of the system in real-world ser-
vice scenarios compared to reporting only the average
latency.

3.2.3 Workload Attributes
In addition to outputmetrics, we also recordworkload at-
tributes directly related to explaining retrieval behavior,
including filter selectivity, candidate set size |C|, and the
routing proportion of the sub-strategies under the adap-
tive policy. This information is directly helpful in under-
standing the quality–latency trade-offs of different meth-
ods.
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3.3 Research Questions
Based on the above-mentioned questions, we focus on
answering the following four research questions:

RQ1. In hybrid retrieval with SQL-style filtering con-
ditions, what is the trade-off between Recall@K and tail
latency (p95/p99)?

RQ2. Compared to the exact ranking baseline, how
do ANN-like strategies perform under different selectiv-
ity conditions, especially the differences in behavior be-
tween strict and loose filtering scenarios?

RQ3. Can adaptive hybrid strategies reduce tail la-
tency compared to exact prefilter while maintaining ro-
bust retrieval quality under evaluated workloads? We fo-
cus on workload-conditioned gains, rather than a conclu-
sion of "optimal in all scenarios."

RQ4. When the corpus size grows under controlled
conditions, how do the system’s latency and quality
trends change? Does the relevant behavior remain
stable, or does it deteriorate with increasing scale?

3.4 Correctness-Safe Evaluation Scope
In the filtered retrieval scenario, we define the ground
truth as the exact top-K results within the same fil-
tered candidate set. Specifically, for any query q and
structured predicate P , the system first generates a
candidate set C through SQL filtering. Then, it calcu-
lates the exact ranking result based on normalized
embedding similarity only on this set and uses it as the
ground truth shared by all comparison strategies. If the
candidate set for some queries is too large and requires
uniform upper limit control, all strategies are compared
on the same candidate universe to ensure evaluation
fairness. This design directly avoids the evaluation bias
common in filtered retrieval, which involves comparing
the filtered prediction results with the globally unfiltered
ground truth.

To improve experimental transparency, we report
the main workload and evaluation parameters under
uniform settings. The current experiments cover three
data domains: arXiv, news, and movies; he retrieval
cutoff is fixed at K = 20; the filter selectivity ranges
from 0.1% to 80%; the HNSW efSearch values are {16,
32, 64, 128, 256}; the base candidate budget for the
ANN post-filter is set to 200; two-stage probing uses a
progressively expanding probe ladder [1,2,4]; when the
candidate set is too large, a uniform candidate upper

bound is used to support fair and reproducible exact
evaluation. Table 1 summarizes the main symbols and
terms used in this study.

4 Datasets and Workloads
4.1 Datasets
We construct a cross-domain Vector+SQL hybrid re-
trieval benchmark using three publicly available text
datasets, corresponding to academic literature, news
text, and movie metadata scenarios, respectively. These
three datasets collectively cover long text summaries,
short news articles, and highly structured content
descriptions, facilitating the observation of strategy
behavior differences under different corpus sizes and
filtering structures. The unified corpus in the current
experiment contains 190,730 arXiv documents, 171,500
news documents, and 43,323 movie documents. Since
these actual sizes did not exceed the single dataset limits
set in the code (arXiv 200k, news 180k, movies 60k), and
the total corpus size of 405,553 documents was lower
than the global limit of 520,000, no additional global
random down sampling was triggered in the current Q2
experiment, as illustrated in Figure, 2.

Figure 2. Corpus size by dataset (log scale). The three
benchmark datasets differ substantially in scale, which affects

latency and scalability behavior.

Specifically, the arXiv dataset uses concatenated
titles and abstracts as retrieval text, and extracts
category and year information from the category field
and version time; the news dataset uses headline and
short_description as the text body, while retaining
the parsable year from the news category and date;
the movies dataset uses movie titles and synopses to
construct text fields, and extracts the main category
from genres and the year from release_date. All three
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Table 1. Explanation of the main symbols and terms used in this study.

Symbol / Term Meaning Notes / Example

D Full corpus (all documents) Union of all datasets
N Total number of documents in a corpus/scope N = |D|
di The i-th document Stored as a row in the corpus table
rid Unique record/document identifier Integer ID for each document
dataset Dataset/domain label of a document e.g., arxiv, news, movies
text Document text field used for embedding title + abstract / overview / body, etc.
category Optional categorical attribute Used for filters / partitions (if available)
year Optional temporal attribute Used for range filters (if available)
f(·) Embedding function Maps text to a vector (e.g., SBERT)
xi ∈ Rd Embedding of document di xi = f(texti)

d Embedding dimension e.g., d = 384 for MiniLM
x̂i Normalized document embedding x̂i = xi/∥xi∥
q A query (text input) Query text is embedded to a vector
vq ∈ Rd Query embedding vector vq = f(q)

P SQL predicate / filter condition e.g., category IN (...) , year >= 2020
C Filtered candidate set C = {di ∈ D : P (di) = true}
|C| Size of the filtered candidate set Number of documents satisfying predicate P

s Selectivity of the filter s = |C|/N
K Retrieval cutoff (top-K) CommonlyK = 10 orK = 20

sim(a, b) Similarity function Often cosine similarity or inner product
TopK(C, vq) Exact top-K over candidate set C Used as ground truth within C

GT@K Ground truth top-K results Exact top-K within C

Pred@K Retrieved top-K results by a strategy Output list ofK rids
Recall@K Fraction ofGT@K retrieved in Pred@K

|GT@K∩Pred@K|
K

Latency (ms) Time per query for a strategy Reported as p50 / p95 / p99
p50 / p95 / p99 Latency percentiles Median / tail latencies
ANN Approximate Nearest Neighbor search e.g., HNSW, IVF-PQ, DiskANN
HNSW Graph-based ANN index Key knob: efSearch
efSearch HNSW search parameter Higher→ better recall, higher latency
ann_probe Number of ANN candidates retrieved before filtering

/ rerank
Used in post-filter / two-stage retrieval

Strategy mix Share of queries handled by each sub-strategy For adaptive policies
Embedding bytes Storage size of embeddings Approx.: N × d × 4 for float32
Index bytes Approximate index storage footprint e.g., serialized FAISS index size
Build time Time to compute embeddings and build indexes Report separately for reproducibility

datasets can provide both semantic text and structured
attributes, making them suitable for evaluating mixed
retrieval behavior with filtering conditions.

To avoid comparability issues caused by different pro-
cessing logics from different data sources, wemap three
types of data to the same table structure:

(rid, dataset, text, category, year)

where rid is a globally unique record identifier,
dataset denotes the dataset/domain label, text is the
text field used for embedding generation, and category
and year are optional structured attributes. The pre-
processing process remains lightweight and consistent:
first, text content is constructed according to the field
rules of each dataset; then, empty text or samples that
are too short are removed (records with text lengths not
exceeding 10 are discarded); finally, a contiguous global

rid is reassigned to all records. The current experiments
primarily construct the filtering workload around the
‘category‘ predicate, while the ‘year‘ field is retained in
the unified corpus, mainly to maintain pattern integrity
and support future expansion.

4.2 Workload Design
We employ a selectivity-controlled filtering workload to
characterize the quality–latency behavior under different
filtering intensities. For each dataset, the experiments
generate Q = 160 query instances; all randomization
processes use a fixed random seed SEED = 42. The
core filtering conditions of the evaluated workloads
consist of category predicates. Specifically, the system
first randomly samples an interval from eight target
selectivity intervals. The selectivity ranges are defined
as follows: 0.1%-0.5%, 0.5%-1.0%, 1.0%-2.0%, 2.0%-5.0%,
5%-10%, 10%-20%, 20%-40%, and 40%-80%.
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Then, it samples the target proportions within this in-
terval and selects one or more categories based on the
empirical proportion of each category in the dataset, con-
structing a filtering predicate of the form category IN
(...). The resulting candidate set is denoted as C, and
its selectivity is defined as s = |C|/N .

To avoid instability in evaluation caused by degener-
ate queries, if the size of the candidate set correspond-
ing to a predicate is less than max(50, 3K) (60 in this ex-
periment), the system falls back to a broader filter within
the dataset. Subsequently, a document is randomly se-
lected from the candidate setC as the query source, and
its normalized embedding vector is directly used as the
query representation. This design ensures that the query
has at least semantically relevant neighbors within the fil-
tered candidate set, thus making the filtered Top-K qual-
ity metric more interpretable.

4.3 Evaluation-Facing Workload
Parameters

To maintain consistency with subsequent strategy com-
parisons, we perform a uniform scan of efSearch on
each dataset, with values of {16, 32, 64, 128, 256}. Under
each dataset-parameter combination, all strategies
are compared on the same batch of generated query
instances. The base candidate budget for the ANN
post-filter is set to 200, and two-stage probing uses a
progressively expanding probe ladder [1, 2, 4]. When the
size of a filter candidate set exceeds 80,000, the system
performs uniform sampling without replacement on
this candidate set and computes the exact ground truth
for all strategies within the same candidate universe to
ensure tractability, fairness, and reproducibility. This
setup allows us to systematically compare the behavior
of exact prefilter, ANN post-filter, two-stage retrieval,
and adaptive routing within a unified filtered Top-K
context.

5 Methods: Strategies Compared
5.1 Compared Retrieval Strategies
We compare four basic retrieval paths and a rule-based
adaptive hybrid strategy under a unified filtered Top-K
setting. All methods share the same goal: to return the
top-K results that are closest to the query vector among
records satisfying the structured predicate P . The strate-
gies differ mainly in whether filtering is applied before

or after retrieval, whether approximate indexes are used
for candidate generation, and whether execution paths
are selected according to query conditions, as illustrated
in Figure, 3.

5.1.1 Exact prefilter baseline (oracle).
Exact prefilter first executes the structured predicate P

to obtain a filtered candidate set C, and then performs
exact similarity calculation and top-K ranking only on C.
Because this method directly returns the exact top-K re-
sults within the filtered candidate set, it is used as a cor-
rectness reference in this study. Its limitations are also
quite clear: when |C| is large, each query requires exact
scoring on a large filter set, which easily leads to higher
query costs and worse tail latency.

5.1.2 ANN post-filter.
ANN post-filter first performs approximate retrieval on
the global HNSW index, and then applies structured fil-
tering to the returned candidates. In its implementation,
the system first retrieves a fixed number of candidates
from the global index (currently set to ann_probe=200),
then retains only records that satisfy the predicate P ,
and re-ranks the retained candidates based on exact
similarity to output the top-K. This path usually has
lower latency, but under strict filtering conditions, the
initial ANN candidates may lack sufficient effective hits,
thus the quality of the filtered Top-K is more likely to
degrade.

5.1.3 Two-stage retrieval (probe ladder +
rerank).

Two-stage retrieval introduces a progressively expand-
ing candidate budget on top of ANN post-filter to
alleviate the candidate shortage problem under strict
filtering. In implementation, the system progressively
increases the search scale on the global HNSW index
according to a probe ladder ([1,2,4]), using candidate
budgets of ann_probe, 2× ann_probe, and 4× ann_probe
sequentially, constrained by a global limit of 6000. Each
step first performs an ANN search, then applies the
filtering conditions; once the number of valid candidates
reaches the top-K requirement, the system stops ex-
panding and performs exact reranking on the remaining
candidates. Compared to a fixed-budget post-filter, this
strategy is generally more robust under strict filtering,
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but its additional ANN calls may increase tail latency for
some queries.

5.1.4 Partition-aligned retrieval.
When the filtering predicate is alignedwith an explicit cat-
egory key, our study further considers partition-aligned
retrieval. Specifically, the system constructs local parti-
tioned indexes based on datasets and categories. The
current implementation only builds partitioned indexes
for categories with at least 800 documents per dataset,
limiting this to the top 60 most frequent categories. For
queries of the form ‘category = X‘ or single-element
‘category IN (...)‘, if a corresponding partitioned
index exists, the system performs ANN retrieval only
within that partition. This path reduces the proportion
of invalid candidates by narrowing the search space,
thus offering practical systems advantages when the
filter key and partition key are highly consistent. How-
ever, its effectiveness depends on the consistency of
the predicate structure and index organization; if the
filter conditions do not correspond to the constructed
partitions, this path is not applicable. Furthermore, the
current implementation directly returns the ANN top-K
results from the partitioned index without performing
additional exact reranking.

5.1.5 Adaptive hybrid policy.
In addition to the fixed strategy, we also evaluate a
rule-based adaptive hybrid policy. This strategy does
not attempt to process all queries with a single path,
but instead routes between existing strategies based
on the candidate set size and predicate structure. The
current implementation uses the following decision
rules: when the size of the candidate set being filtered
satisfies |C| ≤ 25,000, exact prefilter is directly used; if
the predicate can be parsed into a single-class condition
and the corresponding partition index exists, partition-
aligned retrieval is selected; otherwise, it falls back to
two-stage retrieval. Therefore, the role of the adaptive
policy is not to propose new underlying retrieval oper-
ators, but to evaluate an interpretable, low-complexity
strategy routing mechanism within a unified evaluation
framework and examine its overall robustness on the
evaluated workloads.

5.2 Execution View
From the execution flow perspective, the system first
generates a vector representation based on the query
text and determines the filtering candidate set or its
equivalent constraints based on the structured pred-
icate P . Subsequently, different strategies generate
candidate results on paths such as "filtering before
sorting", "approximate retrieval before filtering", or "di-
rect retrieval by partition". For exact prefilter, sorting is
done directly within the filtering set; for ANN post-filter
and two-stage retrieval, the system performs exact
similarity re-ranking on valid candidates after filtering;
for partition-aligned retrieval, the ANN top-K results
are directly returned within the corresponding partition
index. The adaptive policy then performs rule-based
selection among the above paths. This design enables
to directly compare different candidate generation
mechanisms and their quality-delay behavior within a
unified filtered Top-K context, as shown in Figure, 3.

6 Evaluation Protocol
6.1 Filtered Ground Truth and Fair

Comparison
To ensure the correctness and comparability of compar-
isons between different strategies, we uniformly define
ground truth under the filtered Top-K setting. For any
query q and its structured predicate P , a candidate set is
first obtained by SQL filtering:

C(q, P ) = {di ∈ D | P (di) = true}

Subsequently, the exact top-K is calculated only
within this candidate set based on normalized vector
similarity, and this is defined as the shared ground truth:

GT@K(q, P ) = TopK(C(q, P ), vq)

Therefore, the quality of any strategy is evaluated within
the same filtering context, rather than compared with
the top-K results on the globally unfiltered corpus. Ac-
cordingly, this study adopts

the following as the primary quality metric:

Recall@K =
|GT@K ∩ Pred@K|

K
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Figure 3. End-to-end pipeline including corpus construction, embedding generation, index building, workload generation, filtered
retrieval, and evaluation.

When the filter candidate set for certain queries is too
large and direct exact ranking is too costly, we impose
a uniform upper bound on the candidate set. Specifi-
cally, when |C| > 80,000, uniform sampling without re-
placement is performed from C to obtain a shared can-
didate universe C̃ ⊆ C, and the exact ground truth is
computed on C̃. All comparison strategies are evaluated
on the same C̃, thus avoiding evaluation bias caused by
different methods facing different candidate spaces.

6.2 Controlled Experimental Setting
We perform a uniform comparison of all strategies on a
fixed query set. The current experiment is set up with
160 queries per dataset, a fixed retrieval truncation
of K=20, and repeated runs of different strategies and
parameter configurations on identical query instances.
For HNSW, we uniformly scan efSearch over {16, 32, 64,
128, 256} to observe the relationship between recall
improvement and latency growth. For ANN post-filter,
the base candidate budget is set to ann_probe = 200;
for two-stage retrieval, a probe ladder is used, with a
global cap of 6000 on the expanded ANN candidate set
size to avoid unfair gains through unconstrained search.
This setup ensures that latency-quality comparisons

between different strategies are based on consistent
and reproducible experimental conditions.

6.3 Implementation and Reproducibility
All experiments were performed in the Kaggle runtime
environment. Structured filtering was performed using
DuckDB, ANN retrieval was implemented based on
FAISS’s HNSW index, and text embeddings were gen-
erated by SentenceTransformer. To reduce redundant
computational overhead and improve experimental
reproducibility, the system cached the metadata table,
embedding representation, and index files, and saved
a per-query log and summary result table for each run.
Therefore, the experimental results can not only be used
to generate the final charts but also be subsequently
checked and verified.

6.4 Reporting Protocol
We report results from three levels: quality, latency,
and workload structure. The quality metric is primar-
ily filtered Recall@20; latency metrics are uniformly
reported at p50, p95, and p99 to characterize typical
query performance and tail behavior. The results are
presented from two main perspectives: first, an overall
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dataset-wise comparison to analyze strategy differences
across corpus domains; second, a fine-grained compar-
ison by selectivity binning to characterize the impact
of changes in filtering intensity on system behavior.
Building upon this foundation, we further report on
latency analysis, scalability testing, and cost profiling
under a fixed recall target. Bootstrap confidence inter-
vals are added to relevant charts, if necessary, to reflect
statistical fluctuations. Overall, this evaluation protocol,
while maintaining filtering accuracy and comparative
fairness, can systematically reveal the quality–latency
trade-off of hybrid retrieval under real-world filtering
loads.

7 Results
7.1 Overall Quality–Latency Trade-off
Figure, 4 summarizes the relationship between p95
latency and Recall@20 for different strategy families on
three datasets. Overall, hybrid retrieval under filtering
conditions exhibits obvious workload-conditioned be-
havior, with no single optimal point among different
policies. The exact prefilter consistently maintains
a Recall@20 = 1.00 on all three datasets, thus it can
be considered an oracle baseline for filtering Top-K;
however, it also consistently exhibits the highest tail
latency. In contrast, the ANN post-filter has the lowest
p95 latency, but its quality degrades significantly under
strict filtering conditions. Two-stage retrieval can alle-
viate the candidate shortage problem of fixed-budget
post-filters in some scenarios, but its benefits are not
stable. Overall, adaptive routing shows stronger overall
robustness on the evaluated workloads.

Figure 4. Relationship between p95 latency and Recall@20 for
different .

Taking the results from the fixed recall target analy-
sis as an example, the p95 latency of the exact prefilter
on arXiv, news, and movies is 36.74 ms, 36.88 ms, and
10.82 ms, respectively, and the Recall@20 is always 1.00.
In contrast, with a Recall@20 of approximately 0.95, the
p95 latency of adaptive routing is only 0.63 ms, 0.51 ms,
and 1.67ms, respectively, showing significantly lower tail
overhead. The speed advantage of ANN post-filter is also
significant, but its quality performance is more affected
by filtering conditions, especially in news andmovies sce-
narios where it is difficult to consistently achieve high re-
call, as shown in Figure, 5.

Figure 5. Average Recall@20 for different strategies.

7.2 Latency under Fixed Recall Targets
To more directly compare the engineering costs of dif-
ferent strategies under similar quality requirements, we
further analyze the minimum p95 latency under a fixed
Recall@20 target, as shown in Figure, 6. This analysis
avoids the bias caused by simply comparing "faster" or
"more accurate," and is closer to the decision-making
logic of real systems under service level constraints.

Figure 6. p95 latency for a fixed Recall@20 target.

The results show that adaptive routing achieves a
high recall operating point on all three datasets with a
significantly lower tail latency than the exact prefilter.
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Taking a Recall@20 target of 0.95 as an example, the
p95 latency of adaptive routing on arXiv, news, and
movies is 0.63 ms, 0.51 ms, and 1.67 ms, respectively,
while the exact prefilter latency is 36.74 ms, 36.88 ms,
and 10.82 ms, respectively. In comparison, while ANN
post-filters still achieve an average recall of over 0.95
on arXiv, they fail to consistently achieve higher, fixed
recall targets on news and movies datasets. Similarly,
two-stage retrieval on movies also fails to meet the
fixed recall requirements of 0.80, 0.90, and 0.95. This
indicates that in scenarios with stricter filtering or more
complex candidate structures, a single-path global ANN
search struggles to consistently provide high-quality
results.

7.3 Effect of Filter Selectivity on Retrieval
Quality

The filter selectivity directly impacts retrieval quality.
Based on actual workload statistics of the Q2 query set,
the average selectivity for the three datasets is approx-
imately 0.172 for arXiv, 0.203 for news, and 0.211 for
movies. This demonstrates that the current experiment
is not an approximately unfiltered setup, but rather an
evaluation of system behavior under substantial filtering
pressure. Figure, 7 shows the variation of Recall@20
across different selectivity ranges.

Figure 7. Recall@20 under different selectivity bins.

Among all the comparison methods, ANN post-filter
is the most sensitive to the selectivity. This is because
this method first searches for nearest neighbors in the
global index and then performs structured filtering on
the returned results; when the filtering conditions are
strict, the initial ANN candidates often lack sufficient ef-
fective hits, resulting in a significant decrease in the qual-
ity of the filtered Top-K. Taking movies as an example,

in the strictest 0.1%–0.5% interval, the Recall@20 of ANN
post-filter is only about 0.13; while in the more lenient
40%–80% interval, this value can rise to about 0.97. In con-
trast, exact prefilter remains stable across all selectivity
ranges, while adaptive routing exhibits a smoother over-
all quality curve by switching between different paths.

7.4 Tail Latency and Strategy Behavior
Figure, 8 and Figure, 9 illustrate the tail latency perfor-
mance of different strategies under filtering workloads.
The results show that reporting only the average latency
significantly underestimates the true system cost, espe-
cially for exact prefilter and strategies that require incre-
mentally expanding the candidate budget, where there
is a significant difference between high-quantile latency
and the average.

Figure 8. Comparison of tail latency for different strategies.

Figure 9. p95 latency under different selectivity binning.

The high tail latency of exact prefilter comes from
the computational cost of performing exact scoring
and ranking on the filtered candidate set, and this
cost is further amplified when the candidate set is still
large after SQL filtering. ANN post-filter is significantly
faster, but this advantage comes at the cost of recall
risk under strict filtering conditions. Two-stage retrieval
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can alleviate the problem of insufficient effective can-
didates in post-filter in some scenarios by gradually
increasing the candidate budget, but its benefits are
dataset-dependent. For example, in movies, two-stage
does not show a stable advantage under high recall
targets. This demonstrates that the quality–latency
trade-off in hybrid retrieval is highly dependent on the
filtering structure, rather than simply determined by the
underlying ANN path.

7.5 Behavior of Adaptive Routing
Adaptive routing is better understood as a rule-based
routing mechanism rather than a single retrieval algo-
rithm. Its advantage does not stem from the dominance
of a particular sub-path in all scenarios, but rather from
selecting a more suitable execution path based on candi-
date size and predicate structure. Figure, 10 shows the
composition of adaptive routing on different datasets.

Figure 10. The strategy composition of Adaptive routing.

From the current results, the behavior of adaptive
routing shows clear differences across datasets. On
arXiv, approximately 62.5% of queries in the adaptive
route use exact prefilter, and approximately 37.5%
use two-stage. For movies, these percentages are ap-
proximately 90.75% and 9.25% respectively, indicating
that most queries fall within a candidate size range
suitable for exact filtering. The distribution for news
is relatively more balanced: approximately 55.0% use
prefilter, 37.38% use two-stage, and only about 7.63%
use partitioned paths. This result demonstrates that the
robustness of adaptive routing primarily stems from
path allocation based on query structure, rather than
relying on a fixed sub-strategy.

7.6 Scalability and Cost Analysis
Figure, 11 illustrates the scalability experiments on
arXiv. As the corpus size increased from 50k to the
complete subset corresponding to the current capped
size, the system’s p95 latency only increased from
approximately 8.31 ms to 9.12 ms, while the average
recall remained above 0.998. Meanwhile, index building
time and storage overhead increased with the corpus
size: building time increased from approximately 7.87 s
to approximately 51.13 s, and the serialized index size
also increased accordingly. It should be noted that the
two target sizes of 200k and 400k under the current data
cap actually fall within the same complete corpus range,
therefore their index sizes are basically the same; the
latter mainly reflects the repeated measurement results
under the capped conditions. The cost profile further

Figure 11. p95 latency under corpus size changes.

shows that embedding storage overhead increases lin-
early with the number of documents, while global ANN
indexes and partitioned indexes introduce additional
construction and storage costs. On the current unified
corpus, the serialization size of the global HNSW index
is approximately 940 MB, and the construction time is
approximately 274 s; the total size of the partitioned
index is approximately 555 MB, and the construction
time is approximately 24.70 s. Therefore, from a sys-
tem deployment perspective, the evaluation of hybrid
retrieval methods should not only focus on the quality
or latency of a single query, but also comprehensively
consider the index construction cost, storage overhead,
and the matching relationship between the filtering
structure and the index organization (see Figure. 12).
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Figure 12. 95% confidence interval for Recall@20 under optimal settings.

8 Discussion
The results show that the performance of Vector+SQL
hybrid retrieval is inherently workload-conditioned,
with behavior shaped by filter selectivity, candidate set
size, and predicate structure. Exact prefilter provides
the most reliable correctness reference but incurs
the highest tail latency cost; ANN post-filter offers a
significant speed advantage but is more prone to quality
degradation under strict filtering conditions; two-stage
retrieval can alleviate the candidate shortage problem in
some scenarios, but its benefits are dataset-dependent;
adaptive routing, by selecting the execution path based
on query conditions, exhibits a more robust overall
balance under the . Therefore, hybrid retrieval with
filtering conditions should not be handled using a single
fixed path, but rather a workload-oriented strategy
should be chosen between correctness, tail latency, and
execution cost.

However, this study still has several limitations.
Current experiments primarily focus on constructing
workloads around category predicates, and have not
yet systematically covered multi-attribute combina-
tion filtering and more complex SQL structures. The
adaptive policy is currently rule-driven, rather than a
data-driven learning planner. Furthermore, our eval-
uation mainly focuses on single query behavior and
has not yet incorporated systemic factors such as high
concurrency, cache contention, and mixed transaction
loads. Accordingly, this work is better understood as
a correctness-safe, tail-aware evaluation and analy-
sis framework, rather than a final conclusion for all

real-world database scenarios.

9 Conclusion
We study Vector+SQL hybrid retrieval under structured
filtering conditions and develop a unified evaluation
framework that balances correctness, fairness, tail
latency, and reproducibility. The framework defines
ground truth within the same filtered candidate set and
systematically compares exact prefilter, ANN post-filter,
two-stage retrieval, partition-aligned retrieval, and adap-
tive routing across the arXiv, news, and movies domains.
Experimental results show that exact prefilter is the
most stable correctness baseline but has the highest
tail latency; ANN post-filter is faster but degrades under
strict filtering; two-stage retrieval provides conditional
improvements; and adaptive routing exhibits stronger
overall robustness on the evaluated workloads. Overall,
the study shows that filter selectivity and predicate struc-
ture significantly reshape the quality–latency trade-off
in hybrid retrieval, and that reporting average latency
alone is insufficient to characterize real system cost.
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