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ABSTRACT

Filtered approximate nearest neighbor (FANN) search must satisfy

both vector similarity and structured predicates, yet evaluations

remain brittle because real hybrid workloads are rarely shareable

and existing benchmarks rely on ad-hoc synthetic or semi-real con-

structions. We argue that realism hinges on execution-driven query

di�culty: failures in early �ltering trigger over-fetching of addi-

tional candidates, shaping latency, throughput, and recall. Building

on this insight, we propose U-Hardness, a query-level hardness

metric that models the conditional execution chain via the over-

fetch factor and extends naturally to strategy-conditioned settings.

Across diverse datasets and hybrid strategies, U-Hardness exhibits

strong monotonic alignment with empirical performance, while

common proxies such as selectivity or attribute–vector correla-

tion are frequently unstable or strategy-inconsistent. We further

introduce HCBGen, a hardness-controlled benchmark generator

that uses U-Hardness as an explicit control signal to synthesize

workloads under coarse bias modes or to match a target hardness

pro�le. Our experiments show that widely used benchmarks occupy

a narrow, relatively easy portion of the hardness spectrum, mask-

ing robustness gaps that emerge under harder queries. Finally, we

demonstrate that matching hardness distributions enables privacy-

preserving proxy workloads that closely reproduce performance

trends, bridging research benchmarks and real evaluation.
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1 INTRODUCTION

Vector search [23, 25, 33] has become a �rst-class primitive in

modern data management, powering retrieval-augmented genera-

tion (RAG) [27], recommendation engines[9, 11, 35], e-commerce

search[28, 61], and multi-modal analytics[32, 38]. In production,

however, similarity alone is insu�cient: queries must also enforce
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Figure 1: Recall–QPS trade-o� curves of the RWalks index

evaluated on six synthetic hybrid workloads built from the

same vector-only dataset under di�erent label-synthesis poli-

cies (four adopted from prior studies and two generated by

our hardness-controlled framework: High Cardinality and

Highly Selective). Although the workload con�guration used

in the RWalks paper (red) achieves near-perfect Recall@10 at

high throughput, the other workload designs induce substan-

tially di�erent trade-o�s, demonstrating that hybrid-index

performance can be highly sensitive to workload construc-

tion, even with the underlying vector corpus and index �xed.

structured predicates such as category, time, or product attributes[1,

13, 42, 55, 57] that are non-negotiable for correctness and safety.

For example, in ANN-based scholarly search systems, users issue

queries in natural language, which are then embedded to retrieve

relevant papers based on vector similarity. However, users may also

require results restricted to speci�c venues or publication years.

In such cases, the query must include structured predicates in ad-

dition to the embeddings, such as "year = 2026 and venue =

VLDB". Without these constraints, the system may return semanti-

cally relevant but out-of-scope papers. This requires the system to

index data containing both structured attributes and unstructured

embeddings, and to optimize retrieval so that the returned points

satisfy the �lter predicates while remaining closest to the query

embedding.

While algorithmic progress has been rapid, the �eld faces a

quieter but consequential bottleneck: we still lack a reliable and

practical way to benchmark hybrid indexing methods [20, 45]. Re-

ported results often fail to transfer across datasets, query patterns,

and deployment contexts, making it di�cult for practitioners to

trust which method to adopt and for researchers to draw durable

conclusions [20, 55]. The root cause is not that hybrid queries are un-

common, but that real-world hybrid workloads are rarely shareable

due to privacy constraints [4, 5], proprietary concerns [11, 14, 19],

and limited public coverage [1]. As a result, most studies evaluate

hybrid indices using synthetic or semi-real workloads, typically
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constructed by taking a vector-only dataset and synthesizing labels,

attributes, and �ltered queries [54, 55, 59].

Benchmarks therefore exist and are widely used, but they su�er

from a fundamental reliability issue: a “hybrid workload” is not

uniquely determined by the underlying vector dataset. Instead, it

depends on benchmark design choices such as how attributes are

assigned to vectors, how �lters are composed, and how queries

are generated, which are often implicit or inconsistent across stud-

ies [8, 37, 45]. Even when the base vectors are identical, seem-

ingly minor design changes can substantially alter e�ective work-

load di�culty and thus the observed ranking of methods. Figure 1

makes this sensitivity concrete: RWalks [1], evaluated on multi-

ple synthetic hybrid workloads built from the same vector-only

dataset, SIFT1M [22], under di�erent label-synthesis policies, ex-

hibits widely di�erent recall–QPS trade-o�s, implying that without

a principled way to characterize and control workload di�culty,

hybrid benchmarking may inadvertently favor particular strategies.

Because current synthetic benchmarks neither explicitly model nor

su�ciently control query di�culty, such variability is often masked

by aggregate reporting based on average-case metrics [8, 55]. In

practice, however, real hybrid workloads span a wide range of di�-

culty, and a small fraction of hard queries can dominate tail latency

and expose system-level failures [14, 31, 50, 56, 58]. Consequently,

current benchmarking practices hinder reliable assessment and

pose a practical barrier to the adoption of FANN techniques in

commercial vector database systems [3, 7, 58].

This challenge stems from the absence of a principled notion of

query-level hardness for hybrid search. Existing proxies such as

selectivity and correlation [30, 37] capture only partial aspects of

di�culty and cannot explain the large performance variance among

queries with similar proxy values (Section 3.1). As a result, prior

work mainly controls dataset properties such as cardinality, skew,

correlation, and missingness [8, 37, 55], while query workloads

are generated through simple heuristics such as random attribute

combinations or selectivity targets [45].

To overcome these limitations, we propose U-Hardness, a prin-

cipled de�nition of query-level hardness for hybrid search, and

introduce a hardness-controlled benchmarking methodology in

which the construction and evaluation of workloads are directly

guided by hardness. Our key insight is that query di�culty arises

from the execution process itself, rather than from isolated static

properties. We model FANN execution as a conditional chain, cap-

turing how vector retrieval, over-fetching, and conditional �ltering

interact and how computational cost accumulates along the execu-

tion path [54]. This execution-driven formulation yields a uni�ed

hardness metric that (i) closely aligns with empirical search per-

formance and (ii) remains robust to previously unmodeled factors,

since new in�uences naturally manifest as changes within the same

execution structure rather than requiring ad-hoc proxy extensions.

Hardness is not only diagnostic; it enables a new benchmarking

methodology by making workload di�culty explicit and control-

lable. Building on this model, we introduce a hardness-controlled

benchmark generator (HCBGen) that treats hardness as an ex-

plicit control knob for workload construction. Instead of gener-

ating queries via ad-hoc rules (e.g., targeting selectivity alone or

sampling random �lter combinations) the generator systematically

synthesizes workloads with prescribed hardness pro�les. In par-

ticular, it can (i) construct workloads spanning Random-, Low-,

and High-hardness regimes for controlled evaluation, and (ii) ap-

proximate realistic workloads by matching a target hardness dis-

tribution. This design unlocks three practical capabilities: (1) Fair

comparison: it evaluates methods under comparable di�culty

regimes, reducing the risk that workload construction implicitly

advantages a speci�c strategy. (2) Systematic stress testing: it

deliberately instantiates high-hardness workloads to expose failure

modes and tail-latency behavior, rather than only average-case

performance. (3) Privacy-preserving workload sharing: it en-

ables organizations to share hardness speci�cations (e.g., hardness

distributions) in lieu of raw query logs or sensitive attributes, while

still supporting reproducible and predictive performance character-

ization. Finally, our extensive experiments show that widely used

synthetic hybrid benchmarks occupy only a narrow—and relatively

easy—portion of the hardness spectrum, highlighting the need for

hardness-controlled benchmarking to obtain results that generalize

beyond favorable workloads. Our contributions are as follows:

• We de�ne U-Hardness, an execution-driven metric for query-

level di�culty in FANN that aligns with empirical performance.

• We revisit common hybrid benchmarking practices and show

that many evaluations are biased toward easy queries, masking

tail behavior and limiting generalizability.

• We present a hardness-controlled benchmark generator (HCB-

Gen) that enables controlled workload construction, fair and

index-agnostic benchmarking, stress testing under targeted hard-

ness regimes, and privacy-preserving approximation of real

workloads through hardness speci�cations.

2 PRELIMINARY

2.1 Filtered ANNs

FANN search extends semantic search by jointly enforcing vec-

tor similarity and structured �lter constraints. In standard ANN

search, a query retrieves nearest neighbors based only on vector

distance. In contrast, FANN additionally imposes predicates over

structured attributes such as categorical labels, numeric ranges, or

other metadata constraints [37, 55].

Formally, let the base data be de�ned as

D = {(v8 , a8 ) | 8 = 1, . . . , # },

where v8 ∈ R
3 denotes the 3 dimensional embedding vector of data

point 8 , and a8 represents its associated set of structured attributes.

A FANN (hybrid) query @ is speci�ed by a vector predicate @E ∈ R
3

and a set of �lter predicates @5 , which together de�ne the similarity

requirement and the desired attribute constraints of the query. The

goal of FANN search is to retrieve the top- nearest neighbors to

@E among only those data points satisfying the �lter constraint @5 :

FANN(@hybrid) = arg min
(⊆{8 |@5 ⊆a8 }

|( |= 

∑

8∈(

3 (@E, v8 ) .

where 3 (·, ·) denotes a distance function de�ned on the embedding

space. The additional �lter constraints beyond traditional ANN

searchmake FANN fundamentally a two-dimensional retrieval prob-

lem, forcing the system to trade o� which condition to prioritize
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during pruning, and thus requiring the index to simultaneously

handle unstructured vector similarity and structured evaluation.

2.2 Filtered ANN Approaches

With the growing attention in FANN search, a range of approaches

have been proposed, from simple baselines to hybrid-native index-

ing methods. The two most common baselines are Post-Filtering

and Pre-Filtering. Post-Filtering �rst retrieves candidates using

only vector similarity to @E and then applies the �lter predicate.

Since the fraction of �lter-satisfying candidates is unknown, it

typically relies on over-fetching with a vector-only index such as

HNSW [33]. Pre-Filtering applies the predicate before vector search

and considers only �lter-satisfying points. While this avoids over-

fetching and guarantees full recall, the absence of query-speci�c

indices often reduces it to a brute-force scan over the �ltered subset,

limiting scalability and throughput. Beyond these baselines, hybrid-

native indices tightly integrate vector similarity and �ltering during

search, including NHQ [55], ACORN [37], UNG [8], RWalks [1],

and Filtered-DiskANN (FDANN) [18]. NHQ augments vector dis-

tance with attribute-based distance to enable joint navigation over

vector and attribute spaces. ACORN densi�es the HNSW graph at

build time and restricts traversal to �lter-satisfying nodes, approx-

imating an oracle query-speci�c index. UNG groups data points

by shared attribute values and builds a uni�ed graph that models

both intra-group and inter-group connectivity. RWalks propagates

attribute information over the graph, reminiscent of graph neural

network propagation [62], and uses the resulting attribute matrix

to guide search toward valid candidates. FDANN starts traversal

from label-aware entry points and explores only �lter-satisfying

nodes during search.

3 QUERY-LEVEL HARDNESS MODELING

FANN (hybrid) query performance variance is dominated not only

by the dataset and index, but also by the execution dynamics in-

duced by enforcing both constraints. We therefore model query-

level hardness as an execution-grounded quantity that predicts how

much work a system must perform to return  valid neighbors.

This section (i) explains why conventional proxy measures fail to

model query hardness, (ii) proposes an execution-grounded hard-

ness model, and (iii) extends the model to be strategy-conditioned.

3.1 Why Proxy-Based Hardness Fails

Unlike relational database systems [7, 21, 26, 51], query-level hard-

ness in FANN search has been relatively under explored [30, 63].

Prior work therefore relies on two intuitive proxymeasurements for

hybrid query di�culty: selectivity, the fraction of base points satis-

fying the �lter, and correlation, the degree to which �lter-satisfying

points align with the query vector’s neighborhood [30, 37]. In gen-

eral, lower selectivity tends to increase di�culty because an index

must examine more candidates to obtain  valid results, degrading

throughput and/or recall [1]. Likewise, higher correlation typically

makes queries easier: when �lter-satisfying points are spatially

clustered near the query vector, graph-based indices are more likely

to reach valid targets through graph paths, improving recall while

shrinking the explored search space and increasing throughput.

Hard Easy

1 2 3 4 5 6 7 8 9 10

Figure 2: Success and failure cases of query ordering for re-

call–QPS trade-o�s. For each proxy, queries are sorted by

the estimated score and split into 10 equal-sized percentile

bins (B1=hardest 10%→ B10=easiest 10%). We plot recall–QPS

curves for each bin on a synthetic SIFT1M-based benchmark

using RWalks: (a) Successfully aligned (Ours), (b) Misaligned

(Selectivity), and (c) Misaligned (Correlation).

However, selectivity and correlation only partially describe the

execution of FANN. Both are one dimensional, static, whereas the

actual di�culty is shaped by execution dynamics (i.e., how can-

didate retrieval, over-fetching, and �ltering interact until  valid

neighbors are obtained.) Consequently, the same global selectivity

can induce very di�erent local availability of �lter-satisfying points

around the query, and correlation does not directly determine how

many candidates must be explored before  valid results are found.

As a result, the ordering implied by selectivity or correlation can

di�er from the ordering induced by empirical recall–QPS trade-o�s.

Figure 2 shows representative failure cases of this misalignment.

On SIFT1M [22], we synthesize a hybrid workload with three cate-

gorical attributes (cardinality 6 each) and 10,000 queries, following

Section 3.4. For each proxy, we sort queries, split them into 10 bins,

and evaluate each bin with RWalks [1]. Lower bin indices indicate

lower proxy values, interpreted as harder queries, while curves

closer to the upper-right indicate better recall–QPS trade-o�s. Fig-

ure 2(a), sorted by U-Hardness, serves as a reference where bin-wise

performance is consistently ordered. In contrast, Figures 2(b) and (c)

show that neither selectivity nor correlation produces an ordering

aligned with actual performance. Thus, query hardness cannot be

reliably captured by static, measurement-based proxies alone.

More broadly, de�ning a single scalar hardness by composing

multiple measurements has two fundamental limitations. First, such

measurements provide only indirect signals and do not explicitly

model search execution, so their alignment with performance is not

guaranteed. Second, they are inherently incomplete: newly identi-

�ed hardness-related factors require revising both the de�nition

and the measurement set. This motivates an execution-grounded

hardness de�nition anchored in the search process rather than

ad-hoc proxy statistics.

3.2 Execution-Grounded Hardness via
Conditional Over-Fetching

To overcome the limitations of measurement-based proxies, we de-

�ne query-level hardness by explicitly modeling FANN execution

as a conditional chain. The key challenge in hybrid search is that

the system must jointly satisfy vector similarity and a structured
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predicate; when early-stage �ltering fails to produce enough valid

results, the search must over-fetch and continue exploring, a be-

havior commonly observed in practical systems (e.g., post-�ltering

pipelines) [54, 55]. Our formulation captures this execution dy-

namic through an over-fetch factor, yielding (i) stronger alignment

with empirical performance and (ii) a structurally complete de�ni-

tion whose functional form does not require revision when new

hardness-related phenomena are discovered.

Query and execution setting. A hybrid query is @ = (@E, @5 ) where

@E is the query vector and @5 is a set of structured predicates. Let

 be the target number of returned neighbors. Let +0 denote the

full base data and +5 ⊆ +0 the subset satisfying @5 .

Key idea.Hybrid query di�culty is governed by howmany vector-

ranked candidates must be examined before execution outputs  

�lter-satisfying results. To make this execution-grounded notion

concrete, we start from a canonical execution chain in which over-

fetching is explicit (post-�ltering), and then extend the model to be

strategy-conditioned in Section 3.3.

3.2.1 A canonical conditional execution chain. We instantiate query-

level hardness by tracing a simple yet representative post-�ltering

execution chain: (1) retrieve candidates according to vector similar-

ity; (2) scan candidates and keep only those satisfying @5 until  

valid neighbors are obtained. This chain is methodological rather

than restrictive: it is the simplest setting in which over-fetching is

explicit, making it a clean basis for de�ning and estimating hard-

ness, and it matches the vector-centric execution behavior studied

throughout this section.

De�nition 3.1 (Over-fetch factor). For a hybrid query @ = (@E, @5 )

and target  , the over-fetch factor U (@; ) is the number of vector-

ranked candidates that must be examined so that the scan phase

outputs  results satisfying @5 .

3.2.2 U-Hardness as conditional execution cost. To account for the

conditional dependence between stages, we de�ne U-Hardness us-

ing a multiplicative execution-cost model. The key intuition is that

over-fetching not only increases predicate-checking work, but also

ampli�es the candidate retrieval e�ort required to maintain a �xed

operating point.

Let�fetch (@E | <) denote the cost of generating the top-< vector-

ranked candidates for @E from +0. Let �scan (@5 | @E,<,  ) denote

the cost of scanning these < candidates and extracting  �lter-

satisfying results. Then the U-Hardness of @ is de�ned as

�U (@ | ) ≜ �fetch (@E |U (@; )) × �scan (@5 |@E, U (@; ),  ). (1)

Under post-�ltering, predicate checking incurs an (approximately)

constant per-candidate cost, so scan hardness scales linearly with

the number of examined candidates:

�scan (@5 | @E,<,  ) =�scan ·<. (2)

Plugging< = U (@; ) into Eq. (2) and substituting into Eq. (1) yields

�U (@ |  ) ∝ �fetch (@E | U (@; )) · U (@; ) . (3)

Monotonicity and alignment with performance. Hardness should

increase monotonically with chain cost: larger U raises scanning

cost and drives retrieval deeper, increasing �fetch (@E | U). Thus,

higher �U implies lower throughput and/or recall under a �xed

budget. Equivalently, on a given dataset D, �U is designed to be

positively associated with
(

1
Recall

· 1
QPS

)
, as validated in Section 3.4.

Reducing �fetch to vector-only di�culty. Conditioned on the re-

quired depth< = U (@; ), the fetch component depends only on

the vector predicate, reducing to vector search up to depth<. Thus,

U-Hardness generalizes Steiner-Hardness [56] from vector-only to

hybrid search:�fetch captures the Steiner-Hardness of the full graph

at depth U (@; ), while the overall formulation also accounts for

�lter-induced over-fetching. Since U (@; ) is not known a priori,

we estimate it with Û (@; ) and substitute Û (@; ) into �U .

3.2.3 Estimating Û (@; ) via selectivity and local availability. Se-

mantically, Û (@; ) represents how many vectors must be traversed

around the query vector @E in order to obtain  �lter-satisfying

results. A natural �rst signal for this quantity is the global selec-

tivity of the �lter, B = |+5 |/|+0 |. When this fraction is small, valid

results are rare in the dataset as a whole, and Û is therefore likely to

increase. However, global selectivity alone is insu�cient because

it ignores how +5 is distributed around @E . Vectors and labels can

be correlated; for example, papers from a speci�c year may cluster

around certain topics in the embedding space. As a result, even

when a �lter is globally selective, the �lter-satisfying vectors may

still be concentrated near the query, in which case the e�ective

over-fetching required to collect  valid results can remain small.

To capture this e�ect, we estimate the over-fetching needed

to obtain  valid results using both global selectivity and a local

availability (density) correction:

Û (@; ) ≜
1

B
·

1

d (@)
·  , (4)

where d (@) quanti�es how much denser �lter-satisfying points are

around @E compared to the full data.

To operationalize local availability, we use a query-local density

proxy based on the ratio of  -NN distances in +0 and +5 :

Û (@; ) =
|+0 |

|+5 |
·
3
(
@E,  -NN | +5

)

3 (@E,  -NN | +0)
·  , (5)

where 3 (@E,  -NN | + ) denotes the distance from @E to its  -th

nearest neighbor within set+ . Eq. (5) increases Û when (i) the �lter

is globally selective (small |+5 |) and/or (ii) valid points are locally

sparse near the query (large 3 (· | +5 ) relative to 3 (· | +0)).

Finally, substituting Û (@; ) into Eq. (3) yields a practical hard-

ness score that can be computed without running the target hybrid

index, while remaining tightly coupled to the execution chain. We

empirically validate that ordering queries by �U aligns well with

recall–QPS trends (Section 3.4).

Completeness and extensibility. This formulation supports a struc-

turally complete notion of hybrid query hardness: �U is determined

by the execution chain and its cost components, rather than by an

open-ended set of ad-hoc proxies. Thus, new hardness-related phe-

nomena can be incorporated by re�ning estimators of the existing

chain variables, most notably Û (@; ), within the same framework.

Our results in Section 3.4 show that this estimation already captures

the dominant sources of over-fetching in practice and aligns well

with empirical performance.

3.2.4 Extending the Execution Chain to Complex Predicates. Eq. (2)

is su�cient for the categorical-predicate regime targeted by existing
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FANN indices (e.g., UNG, RWalk, NHQ, and FDANN), where treat-

ing per-candidate predicate-check cost as approximately constant is

appropriate. However, real applications may involve more complex

predicates supported by systems such as pgvector [24], including

polygon and regex matching. To accommodate future indices that

may support such queries, we show that Eq. (2) can be naturally

extended to cases where predicate-evaluation cost varies substan-

tially across queries. The framework handles this by re�ning the

scan-cost term while preserving the hardness formulation:

�scan

(
@5 | @E, Û (@; ),  

)
= Û (@; ) · 2scan (@5 ), (6)

where 2scan (@5 ) is the average per-candidate predicate-evaluation

cost. A natural re�nement is to write

2scan (@5 ) = 2 (@5 ) · q (@5 ), (7)

where 2 (@5 ) is a predicate-type-speci�c unit cost, calibrated em-

pirically [44], and q (@5 ) captures predicate complexity in terms

of required unit operations [17]. For example, q (@5 ) may corre-

spond to the number of vertices in a polygon predicate [36] or the

number of wildcards in a regular-expression predicate [12, 49]. For

simple categorical predicates, 2scan (@5 ) is approximately constant,

recovering Eq. (2). This natural extension preserves the main advan-

tage of the execution-grounded framework: richer hardness-related

phenomena can be incorporated by re�ning existing chain vari-

ables, rather than by introducing an unrelated proxy. Experimental

validation of this extension is provided in Section 3.4.4.

3.3 Strategy-Conditioned Hardness Estimation

Although �U is de�ned by modeling the post-�ltering execution

chain from a vector-centric viewpoint, existing FANN approaches

are not limited to this family. As discussed in prior surveys on

FANN indices [30], existing methods can be broadly categorized

into vector-centric and �lter-centric pruning families1. Filter-centric

strategies do not follow the post-�ltering chain; instead, they �rst

restrict the search space using the �lter predicate and then per-

form vector search within the �ltered subset. Because hybrid-query

di�culty is de�ned through the execution chain, it is inherently

strategy-dependent: di�erent indices enforce vector and �lter con-

straints in di�erent orders, leading to di�erent dominant cost dri-

vers. Accordingly, we denote the resulting score as � (@ | strategy).

Pre-�ltering execution chain. For �lter-centric approaches such

as UNG, FANN execution can be modeled as �rst inducing a �lter-

satisfying subgraph from the full graph index, and then performing

vector search within that subgraph. Let�0 denote the original graph

over the full dataset +0, and let � 5 denote the induced subgraph

over +5 . The corresponding execution chain is

�PreFiltering (@ |  ) ≜ �restrict (@5 | �0) · �search (@E | � 5 ),

where �restrict denotes the cost of identifying the �lter-satisfying

search space and �search the cost of vector search within � 5 . This

hardness can be interpreted as an execution-based approximation

to the Steiner-Hardness [56] of the �lter-induced subgraph � 5 ,

extending the same perspective in Section 3.2.3 to the �lter-centric

1Although indices such as UNG and ACORN incorporate both �lter and vector predi-
cates through hybrid pruning mechanisms, they can still be classi�ed into one of the
two families according to the dominant pruning behavior. This categorization is also
consistently supported by our experimental results.

setting. Since the restriction step is relatively stable for a �xed index,

and search over � 5 degrades toward a linear scan as selectivity

decreases, the dominant cost factor is the size of the �ltered vectors:

�PreFiltering (@ |  ) ∝ �search (@E | � 5 ) ∝ |+5 |.

By rearranging Eq. (4), we obtain

|+5 | =
|+0 | d (@)

Û (@; )
.

Pre-�ltering already restricts search to the �lter-satisfying subgraph

� 5 , so the dominant family-level cost is governed mainly by the

size of that restricted search space, |+5 |, rather than by the local-

density term d (@). Since d (@) governs how quickly post-�ltering

accumulates valid results during vector-centric traversal—it ceases

to be a primary cost driver once search is already con�ned to +5 .

With  and |+0 | �xed for a given benchmark setting, the dominant

�lter-centric cost follows the opposite monotone trend from vector-

centric cost and decreases as the e�ective Û increases.

Why a simple inversion is su�cient. The above derivation es-

tablishes a monotone duality between the two execution families:

queries that are hard for vector-centric execution tend to be easy for

�lter-centric execution, and vice versa. Rather than introducing sep-

arate hardness models per family, we therefore apply a monotone

inversion to reuse the same execution-grounded score:

� (@ | strategy) ≜




�U (@), if the strategy is vector-centric,
1

�U (@)
, if the strategy is �lter-centric.

This transformation is intentionally conservative: it only assumes

that the two strategy families exhibit opposite monotone trends

with respect to over-fetching-driven di�culty (as observed empiri-

cally), without committing to a speci�c internal implementation.

As shown in Section 3.4, although this minimal strategy-aware

transformation is not intended as an exact cost model for the �lter-

centric implementations, it is su�cient to achieve strong alignment

with empirical performance across both families.

3.4 Hardness Validation

We empirically validate whether the proposed U-Hardness induces

a query ordering that is consistent with observed recall–throughput

trade-o�s in FANN search. Our goal is not to �t a particular index,

but to test whether the hardness de�nition remains predictive across

(i) diverse dataset/workload characteristics and (ii) fundamentally

di�erent hybrid execution strategies.

3.4.1 Dataset & Workload Suite. Following prior hybrid bench-

marking practice [8, 37, 55], we construct a suite of synthetic hybrid

datasets by augmenting standard vector-only benchmarks with

synthesized categorical labels, while systematically controlling the

core label/workload factors: the source base vectors, number of

attributes, attribute cardinalities, value distributions, per-attribute

missing probabilities, and data–label correlation (DLC) between

base vectors and base labels2.

Query workloads are generated using the same synthesis pol-

icy used for the base data to ensure structural compatibility. All

2DLC is distinct from the query–vector correlation (QVC) used as a hardness proxy in
Section 3.1; DLC characterizes correlation in the data/label generation process, whereas
QVC is measured at the query level
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Figure 3: Spearman rank correlation between query hardness estimates (U-Hardness (ours) or baseline proxies: selectivity and

correlation) and search performance across 29 datasets (25 synthetic and 4 semi-real), evaluated under seven hybrid query

processing strategies. Semi-real workloads are constructed by taking a vector-only dataset and synthesizing labels, attributes,

and �ltered queries. Synthetic datasets are identi�ed using the con�guration IDs (Table 1). Values closer to −1 indicate stronger

alignment (harder queries→ worse performance), whereas values in [0.3, 1] indicate unintended reverse alignment.

synthetic con�gurations are summarized in Table 1. In addition, to

verify that U-Hardness is not an artifact of fully synthetic construc-

tion, we include four semi-real datasets whose base data—base vec-

tors paired with corresponding labels—are drawn from real-world

corpora, and whose query workloads are sampled or synthetically

generated from the base data [34, 40, 43, 48].

We evaluate alignment under seven representative FANN pro-

cessing strategies: FAISS[23]-based Post-Filtering and Pre-Filtering,

and �ve hybrid-native indices (NHQ [55], ACORN [37], UNG [8],

RWalks [1]), and FDANN [18]3.) For each method, we sweep its

parameters to obtain recall–QPS trade-o�s, following the recom-

mended settings in the corresponding original papers . To further

examine whether the observed behavior remains robust when the

dataset size exceeds CPU cache capacity, we additionally include the

Deep10M and Deep50M datasets, which are subsets of Deep1B [60].

For additional experimental details refer to Section 5.1.

3.4.2 Alignment Protocol and Metrics. FANN search performance

is commonly summarized by recall–QPS trade-o�s under varying

parameters [23, 45]. Accordingly, a hardness measure iswell-aligned

if sorting queries by hardness yields groups whose trade-o� curves

degrade monotonically. We use Recall@10 and refer to it simply as

recall throughout this section. For each dataset and strategy, we

compute � (q | strategy) (Section 3.3), sort queries by increasing

hardness, and partition them into �=10 equal-sized batches. This

operationalizes the ordering soundness requirement: later batches

should contain queries that are no easier than earlier ones4. For

each batch, we evaluate the target strategy across operating points,

yielding one recall–QPS trade-o� curve. To summarize each curve

while preserving the trade-o�, we compute a Pareto-optimal score

by extracting the Pareto frontier, averaging recall and QPS over

frontier points, and taking their product [16]. Higher scores indicate

more e�cient query processing.

Let �1 be the average hardness of batch 1, and let Score1 be the

Pareto-optimal score of that batch. We quantify alignment by the

3Since FDANN can handle only queries with a single �lter attribute, we report results
only for SIFT1M-1, GIST1M-1, and GloVe1M-1.
4We use �=10 to balance resolution and stability; our conclusions are unchanged for
nearby choices such as 5 or 20.

Table 1: Parameter con�gurations for synthetic datasets. The

con�guration ID encodes the source base vectors (pre�x). For

brevity, a single value indicates a setting applied uniformly

to all attributes; mixed settings list per-attribute values.

ID #Attr Cardi. Distribution Missing Prob. DLC

SIFT1M-1 1 12

Zipf 0.5 0.0

SIFT1M-2 3 6
SIFT1M-3 3 12
SIFT1M-4 12 1
SIFT1M-5 12 3
SIFT1M-6 12 6
SIFT1M-7 12 12

SIFT1M-8 3 12
Random 0.5 0.0SIFT1M-9 12 3

SIFT1M-10
3 12 Zipf 0.5

0.5
SIFT1M-11 1.0
SIFT1M-12 mix

SIFT1M-13
3 12 Zipf

0.0
0.0SIFT1M-14 0.8

SIFT1M-15 mix

GIST1M-1 1 12 Zipf 0.5 0.0
GIST1M-2 3 12 Random 0.5 0.0
GIST1M-3 3 12 Zipf 0.5 0.0
GIST1M-4 3 12 Zipf 0.0 0.5

GloVe1M-1 1 12 Zipf 0.5 0.0
GloVe1M-2 3 12 Random 0.5 0.0
GloVe1M-3 3 12 Zipf 0.5 0.0
GloVe1M-4 3 12 Zipf 0.0 0.5

Deep10M 3 12 Zipf 0.5 0.0
Deep50M 3 12 Zipf 0.5 0.0

Spearman rank correlation between {�1 }
�
1=1

and {Score1 }
�
1=1

[47].

Because higher hardness should correspond to lower performance,

stronger alignment is re�ected by Spearman’s d closer to −1. For

conventional hardness proxies (selectivity and correlation), we

negate them before batching so that larger values consistently

indicate higher di�culty, matching the direction of � (·)5.

3.4.3 Results and Takeaways. Figure 3 reports Spearman’s d across

datasets and strategies. Across diverse dataset/strategy combina-

tions, the proposed hardness exhibits strong monotonic alignment

with empirical search performance (typically d ≤ −0.7), whereas

5We intentionally do not choose proxy directions per strategy, since that would leak
strategy knowledge into the baseline and arti�cially improve its alignment.
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Table 2: Alignment comparison between Extended and Origi-

nal U-Hardness across predicate workloads. Predicate com-

plexity is grouped by calibrated unit scan cost 2 (@5 ). Improve-

ment is measured as Δ|d | = |dAdaptive | − |dOriginal |.

Complexity Dataset 2 (@5 ) d (Original) d (Extended) Δ |d |

Simple
categorical 1.56 -0.99 -0.99 +0.00

range 2.18 -0.96 -0.92 -0.04

Medium

p-simple 3.75 -0.82 -0.98 +0.16

p-medium 3.75 -0.62 -1.00 +0.38

p-complex 3.75 -0.59 -1.00 +0.41

set-overlap 10.76 -0.90 -1.00 +0.10

Complex
r-simple 287.92 -0.89 -0.99 +0.10

r-complex 287.92 -0.66 -0.95 +0.29

proxy measurements are frequently near zero or unstable, indicat-

ing that they do not reliably order query di�culty.

The baseline query–vector correlation (QVC) becomes informative

only when strong positive data–label correlation (DLC) is explicitly

enforced in the synthetic construction (e.g., SIFT1M-10, -11, -12,

GIST1M-4, and GloVe1M-4), a condition that is neither universal

nor guaranteed in realistic workloads; outside such regimes, QVC

provides limited explanatory power.

Selectivity exhibits opposite signs of d across strategy fami-

lies because it is intrinsically entangled with the pruning order,

leading to reversed alignment with the intended ordering under

certain strategies. For vector-centric strategies, lower selectivity

typically makes queries harder by increasing over-fetching and

predicate checks, whereas for �lter-centric strategies it can make

queries easier by shrinking the pre-�ltered search space and reduc-

ing downstream vector traversal. Without explicit knowledge of

the execution family, which is typically unavailable to a benchmark

designer, selectivity cannot even determine a consistent direction of

di�culty, and in many settings yields weak alignment.

If we treat d ∈ [−0.3, 0.3] as an alignment failure case [10], U-

Hardness incurs no such failures in any of our evaluated settings,

including scaled-out regimes, whereas selectivity fails in a non-

trivial fraction of cases. This gap arises because selectivity isolates

only the �lter predicate while ignoring the vector predicate and

their joint interaction along the execution chain, thereby violating

the validity and ordering soundness criteria discussed in Section 3.2.

3.4.4 Validation on Complex Predicates. We further validate the ex-

tended formulation(Eq. (6)) on complex-predicate workloads built

on SIFT100K, a randomly sampled subset of SIFT1M. The evaluated

predicates include range �lters, polygon matching with 4–12 (p-

simple), 30–70 (p-medium), or 150–250 (p-complex) vertices, regex

matching over strings of length 100 with either no wildcard (r-

simple) or 1–8 wildcards (r-complex), and set-overlap predicates

with a vocabulary pool of size 100. Since no existing hybrid index di-

rectly supports this predicate set, we use HNSW-based post-�ltering

as the representative execution strategy.

Table 2 shows that the original U-Hardness aligns well when

predicate complexity is low, but its ordering quality degrades as

per-candidate validation cost becomes more query-dependent, espe-

cially for polygon and regex workloads. By contrast, the extended

formulation remains aligned across all workloads, with d < −0.9
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Figure 4: Overview of the hardness-controlled benchmark

generator (HCBGen). The generator supports both Load and

Generate modes for constructing the base data, and controls

query-level hardness using either a target hardness pro�le

or coarse-grained bias modes (High, Low, Random).

throughout, and yields the largest gains on structurally complex

predicates such as p-medium, p-complex, and r-complex. These

results show that U-Hardness extends naturally to compute-bound

settings, where the dominant cost shifts from over-fetching to candi-

date scanning, without changing the underlying conditional chain.

4 BENCHMARK GENERATOR

Because real-world hybrid workloads are rarely shareable, FANN

evaluations often rely on synthetic benchmarks, whose hidden de-

sign choices can bias rankings and obscure robustness. We present

HCBGen, which uses U-Hardness to synthesize hybrid workloads

with controllable, interpretable, and strategy-consistent di�culty.

The generator supports (i) reproducible, hardness-neutral �xed

benchmarks for fair comparison, (ii) stress testing by emphasizing

hard queries, and (iii) workload approximation by matching a hard-

ness pro�le that can be shared without exposing raw query logs.

4.1 Architecture

Figure 4 separates the generator into a Label Generator and a Hard-

ness Estimator. The label generator proposes candidate queries,

while the hardness estimator enforces hardness-aware acceptance

through a regeneration loop. This separation allows hardness con-

trol to remain strategy-consistent across heterogeneous indices.

4.1.1 Label Generator. The label generator supports two base data

modes—Load and Generate—because hybrid benchmarking arises

in two fundamentally di�erent settings. In one setting, practition-

ers have a labeled base data (i.e., base vectors with associated base

labels), but the corresponding query logs cannot be shared; the com-

munity often has only public vector-only corpora, where structured

base labels are unavailable and must be synthesized to support hy-

brid (vector+�lter) benchmarking. The twomodes trade o� semantic

�delity and controlled synthesis: Load preserves the semantics and

structure of a given corpus, whereas Generate creates a synthetic

label space with explicit control over workload properties.

In Load mode, the generator takes base vectors together with

their existing base labels and uses a Metadata Extractor to infer

the structural metadata needed for query construction—such as

attribute domains, cardinalities, value frequencies, and missingness
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Algorithm 1 Coarse-Grained Hardness-Controlled Query Genera-

tion (High/Low/Random).

Require: Base vectors+ , base labels !, modeM, target size # , Budget �
Ensure: Query set Q with | Q | = # .
1: Sample an initial query pool and compute hardness values
2: if M ∈ {High, Low} then
3: Set threshold g ← perc80 (� ) for High, perc20 (� ) for Low
4: end if
5: for each query vector @E in the initial pool do
6: Initialize candidate set C ← ∅
7: for 8 = 1 to � do
8: Sample �lter @5 and form @ = (@E , @5 )

9: if M = Random or @ satis�es g then
10: Q ← Q ∪ {@}; break
11: end if
12: C ← C ∪ {@}
13: end for
14: if no query accepted then
15: Q ← Q ∪ {argmin@∈C |� (@) − g | };
16: end if
17: end for
18: return Q

patterns. This metadata is forwarded to the Query Label Generator,

which samples query labels that are schema-compatible with the

loaded base labels. As a result, generated predicates respect the orig-

inal label vocabulary and distributional structure, enabling realistic

query synthesis when the original query workload is unavailable.

In Generate mode, the generator takes only base vectors and a

set of label synthesis conditions, and uses a Base Label Generator

to synthesize base labels from scratch. The synthesis conditions

de�ne the label space and its statistical properties, and also in-

clude an explicit control for vector–label alignment. Concretely,

our default synthesizer partitions the vector space into clusters and

assigns attribute values in a DLC-controlled manner so that vectors

within the same cluster share values with a tunable strength. This

is important because vector–label alignment strongly in�uences

the e�ectiveness of pruning behaviors in hybrid indices, and thus

determines the regime in which a benchmark evaluates robustness

versus best-case performance. The synthesized labels are then sum-

marized into the same type of metadata as in Load, ensuring that

subsequent query generation remains structurally consistent.

Given the extracted or synthesized metadata and the query vec-

tors, the Query Label Generator samples candidate predicates and

forms hybrid queries. Since most hybrid-native indices primarily

support categorical predicates, it generates predicates composed of

one or more label = value conditions. Because FANN assumes

single-table data with vector embeddings, cross-table operations

such as joins are out of scope. Candidates are then passed to the

hardness estimator, and rejected queries are returned for regenera-

tion, forming a hardness-controlled regeneration loop (Section 4.2).

This design decouples label construction from hardness control:

the label generator de�nes what predicates are valid and realis-

tic, while the hardness estimator decides which valid queries are

retained to satisfy the target hardness regime.

4.1.2 Hardness Estimator. Hardness-based control requires strat-

egy awareness because di�erent hybrid indices enforce vector and

�lter constraints in di�erent orders (Section 3.3). Accordingly, the

hardness estimator consists of a Strategy Analyzer and a Hardness

Calculation Module. The strategy analyzer �rst classi�es the target

Algorithm 2 Fine-Grained Hardness-Controlled Query Generation

(Match-PDF) with Budgeted Closest-Fill Fallback.

Require: Base vectors + , base labels !, target hardness PDF P, target size # , bin
count �.

Ensure: Query set Q with | Q | = # .
1: Initialize Q ← ∅.
2: Discretize hardness into � disjoint intervals {� 9 }

�
9=1 according to P; assign target

counts = 9 .
3: Initialize candidate pools ' 9 ← empty list for all bins 9 .
4: while | Q | < # do
5: Sample candidate query @ = (@E , @5 ) ; compute hardness ℎ ← � (@) .

6: Find bin 9 such that ℎ ∈ � 9 .
7: if = 9 > 0 then
8: Q ← Q ∪ {@}; = 9 ← = 9 − 1.
9: end if
10: for each bins 9 with = 9 > 0 do
11: if ℎ ∉ � 9 then store (dist(ℎ, � 9 ), @8 ) in ' 9 .
12: end for
13: if @ is the last candidate query then
14: for each bin 9 with = 9 > 0 do
15: �ll remaining slots with argmin-dist unused candidates from ' 9 .
16: end for
17: end if
18: end while
19: return Q.

strategy into a pruning family, which �xes the strategy-consistent

interpretation of hardness. The hardness calculation module then

computes the strategy-conditioned hardness score of each candi-

date query (Section 3.3) and applies the user-speci�ed control rule

to decide whether to keep the query or reject it.

To classify a strategy with minimal overhead, we maintain two

�xed probe datasets that were chosen empirically to exhibit themost

opposing characteristics across the two pruning families. Speci�-

cally, these probes are reduced versions of SIFT1M-1 and SIFT1M-7

from Table 1, where both the number of base vectors and the num-

ber of queries are downsampled by a factor of ten. Given a target

strategy, the analyzer builds the index if needed, runs searches on

both probes, and records the resulting recall–QPS trade-o� curves.

It then summarizes each curve using a single Pareto-optimal score

computed by the same procedure described in Section 3.4.1, and

classi�es the strategy by comparing the two scores.

This estimation correctly classi�es not only Post-Filtering and

Pre-Filtering, but also all hybrid-native FANN strategies, including

ACORN, UNG, NHQ, RWalks, and FDANN, in exact agreement

with the theoretical categorization in [30]. This is also re�ected

in Figure 3, where the ordering induced by U-Hardness remains

consistently negative across all strategies.

To handle future implementations that may not show a clear pref-

erence for either probe workload, we classify a strategy asMixed

when the two probe scores are too close to distinguish.Mixed is

a robust fallback for ambiguous cases: rather than relying on a

single family decision, the generator enforces hardness constraints

under both interpretations, reducing vulnerability to borderline

misclassi�cation. This keeps probing a one-time, cacheable process

while preventing classi�cation uncertainty from a�ecting hardness

control. Because the index analyzer uses small probe datasets, this

step requires at most one minute.

6UNG synthesizes labels by treating each attribute–value pair as a single label and
assigning 12 such labels under a Zip�an distribution. To replicate this, we use 12 at-
tributes of cardinality 1 and implement the Zip�an skew through missing probabilities,
yielding a functionally equivalent labeling policy.
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Table 3: Label-synthesis con�gurations used in prior hybrid

indexing studies, summarizing the number of attributes, at-

tribute cardinalities, value distributions, missing probabili-

ties, and data–label correlation (DLC).

Method #Attr Cardi. Distribution Missing Prob. DLC

NHQ 3 (3, 2, 2) Random 0 No
ACORN 1 (12) Random 0 No
UNG6 12 (1, 1, . . . 1) – Zipf No
RWalks 6 (100, 20, 10, 5, 3, 2) Random 0 No

4.2 Hardness-Controlled Query Generation

The generator supports two hardness-control families. The �rst

provides coarse-grained modes for stress testing and hardness-

neutral �xed benchmarks, while the second enables �ne-grained

pro�le matching for workload approximation. Both use the same

accept/reject loop and di�er only in the acceptance rule.

4.2.1 Coarse-Grained Bias Modes. The coarse-grained modes bias

the workload toward hard or easy queries (Algorithm 1). Rather

than using a �xed, absolute hardness threshold, which can vary

widely across datasets and label constructions, we derive a cuto�

adaptively from a small initial sample of generated queries. For

example, High uses a cuto� corresponding to the top portion of the

sampled U-Hardness, while Low uses a cuto� corresponding to the

bottom portion. A candidate query is accepted if its U-Hardness falls

into the desired region (hard for High, easy for Low); Random

disables hardness-based selection and accepts randomly generated

queries. Random performs no hardness-based �ltering, producing

a reproducible, strategy-independent �xed benchmark. Because it

retains queries spanning a broad range of hardness values, it yields

a benchmark with diverse query di�culty that can be used for fair

comparison across hybrid index designs. To ensure termination and

stable generation time, we cap the number of regeneration attempts

per query. If no candidate meets the desired condition within this

retry limit, we accept the candidate whose di�culty score is closest

to the cuto�, which guarantees completion while still preserving a

strong bias.

4.2.2 Fine-Grained Target-Profile Matching. Fine-grained control

targets a user-speci�ed hardness pro�le to approximate an un-

known real workload using U-Hardness as a shareable signal (Al-

gorithm 2). Concretely, the generator �rst partitions the di�culty

range into a �xed number of intervals and assigns a target number

of queries to each interval according to the desired pro�le. During

generation, each sampled candidate query is scored and placed

into the corresponding interval; it is accepted only if that interval

still needs more queries, and otherwise it is rejected and regenera-

tion continues. To keep the procedure practical, we enforce a �nite

sampling budget. If generation stalls because some intervals are

extremely unlikely under the current base data, we trigger explicit

fallback mechanisms, such as �lling the remaining slots with the

closest available candidates. We validate this behavior in Section 5.4

by comparing both the similarity of the resulting di�culty pro�les

and the downstream search behavior.

Figure 5: Comparison of U-Hardness distribution cover-

age across three workload classes: (a) synthetic workloads

adopted from prior studies (SIFT1M-based), (b) semi-real

workloads, and (c) hardness-controlled workloads generated

by our framework.

5 EVALUATION

This section evaluates the proposed HCBGenfrom three perspec-

tives: coverage, controllability, and workload approximation. We

investigate the following research questions:

• RQ1 (Hardness coverage): How much of the hardness spec-

trum is covered by workloads used in prior FANN studies and

by semi-real workloads?

• RQ2 (Hardness controllability): Can our generator reliably

shift the workload toward easy vs. hard regimes under identical

synthesis settings?

• RQ3 (Robustness under controlled regimes): How do rep-

resentative strategies behave when evaluated across matched,

systematically varied hardness regimes?

• RQ4 (Hardness as a bridge): If only a hardness pro�le can be

shared, can the generator produce proxy workloads that induce

similar performance trends?

5.1 Experimental Setup

We evaluate on three classes of hybrid workloads: (i) synthetic

workloads adopted in prior hybrid indexing studies (NHQ, ACORN,

UNG, and RWalks [1, 8, 37, 55]), (ii) four semi-real datasets, typi-

cally constructed by augmenting a vector-only dataset with syn-

thesized labels, used in prior work (arxiv, LAION1M, tripclick, and

yfcc [34, 40, 43, 48]), and (iii) four hardness-controlled benchmarks

generated by our framework. We follow the original synthesis pro-

cedures and parameter recommendations to ensure that our com-

parisons isolate the e�ect of workload design, rather than retuning

or re-implementing indices. In all cases, label synthesis uses predi-

cates composed of categorical conditions of the form label=value,

combined with conjunctions.

For performance benchmarking, we report recall–QPS trade-

o�s following the parameter sweeps recommended by the corre-

sponding papers to ensure fair and representative evaluation. All

experiments run on a single Amazon EC2 instance (c5a.8xlarge;

32 vCPUs@3.3GHz; 64GBRAM).

For synthetic workloads from prior studies, we �x the base vector

dataset to SIFT1M [22] and vary only the label/query synthesis
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Figure 6: Recall–QPS trade-o� curves for �ve hybrid query processing strategies (Post-Filtering and four hybrid-native indices)

across 12 workloads spanning three workload families: (i) synthetic workloads adopted in prior hybrid indexing studies, (ii)

semi-real workloads, and (iii) hardness-controlled workloads generated by our method. Red markers overlay the performance

reported in each strategy’s original paper (when available), providing a reference anchor for cross-workload comparison.

policy, so that di�erences are attributable to workload construction.

Label synthesis con�gurations are summarized in Table 3 and are

adopted from the original papers. Query workloads follow the

original generation procedures (e.g., single-predicate queries for

RWalks and no missing-value constraint on NHQ query �lters). The

four semi-real benchmarks are widely used benchmarks in prior

FANN studies [1, 8, 37]. They span diverse vector dimensionalities,

and attribute con�gurations [45].

Using the proposed generator, we construct four representa-

tive hardness-controlled hybrid benchmarks. These benchmarks

are based on two widely used vector datasets, SIFT1M [22] and

GIST1M [22], whose vector dimensionalities are 128 and 960, re-

spectively, chosen because SIFT1M has served as a standard base-

line across prior hybrid indexing studies, whereas GIST1M o�ers

a markedly higher-dimensional space that stresses vector-centric

behavior. For each base data, we synthesize 3 attributes with a car-

dinality of 12 per attribute, following a Zip�an distribution with

skewness parameter 1.5, a missing probability of 0.5, and 0.0 DLC

(data-label correlation). To isolate the e�ect of hardness control, we

generate two workload variants under identical synthesis settings

using the coarse-grained Low and High modes (Section 4.2). This

yields SIFT-Low, SIFT-High, GIST-Low, and GIST-High.

5.2 Hardness Coverage and Control

We �rst examine how query hardness is distributed across di�erent

workloads and whether our generator enables systematic control.

5.2.1 Coverage Comparison (RQ1). Figure 5 compares U-Hardness

distributions. Across these workloads, hardness is typically heavy-

tailed: many queries fall into an easy regime with a smaller hard tail.

Prior synthetic workloads, notably those used by ACORN and NHQ,

are concentrated toward the easy end of the hardness spectrum,

Table 4: Indexing time and memory footprint of four meth-

ods on three di�erent synthetic datasets.

Indexing Time (seconds) Memory Footprint (MB)

Method ACORN Syn.
(Simple)

UNG Syn.
(Medium)

RWalks Syn.
(Complex)

ACORN Syn.
(Simple)

UNG Syn.
(Medium)

RWalks Syn.
(Complex)

NHQ 56 40 23 684 695 689

ACORN 659 657 685 1202 1202 1202

UNG 38 40 281 695 693 731

RWalks 342 344 348 1110 1203 2073

and the semi-real workloads similarly occupy a narrow easy range

with little mass in harder regimes. In contrast, our SIFT-High and

GIST-High benchmarks span a substantially wider hardness range,

including a visible fraction of queries with hardness > 1 and a hard

tail extending beyond 6. This broader coverage is important because

it enables stress-testing and robustness evaluation in challenging

regimes that areweakly represented in commonly used benchmarks,

reducing the risk that conclusions hinge on an implicitly “mild”

workload slice.

5.2.2 Hardness-Aware Generation (RQ2). To verify controllability,

we compare Low vs.Highworkloads generated under identical syn-

thesis settings. As shown in Figure 5(c), Low concentrates queries

in the [0, 1] hardness range, whereas High shifts the mass sharply

toward harder queries (over 99% of queries have hardness > 1).

Crucially, this distributional shift translates into empirical behav-

ior: Figure 6(c) shows that Low workloads yield consistently better

recall–QPS trade-o�s, while High workloads shift curves toward

lower recall under the same search budgets across all evaluated

strategies. This validates that hardness is not merely a descriptive

statistic: it is an actionable control signal that induces predictable

di�erences in measured performance.
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Figure 7: U-Hardness density on four semi-real datasets, com-

paring the original workload with two MATCH-PDF work-

loads generated by HCBGen to match the given distribution,

with and without base data. Insets report KS and W1 dis-

tances to the original workload (lower is better).

5.3 Strategy Robustness (RQ3)

We next revisit the performance and indexing / maintenance over-

head of representative hybrid query processing strategies under a

common workload suite. A key challenge in interpreting the FANN

literature is that each method is often evaluated on a workload

designed with a method-speci�c label/query synthesis policy (Ta-

ble 3), which complicates cross-paper comparison. Our goal here is

not to claim any prior result is “wrong”; rather, we assess sensitivity:

whether conclusions drawn under a narrow workload slice remain

stable when the hardness regime is varied in a controlled way.

As shown in Figure 6, strategy rankings and trade-o� shapes

vary substantially across workloads. In particular, results reported

in the original papers tend to align with easier regions of our work-

load space, suggesting that performance claims can be workload-

sensitive and that robustness under harder regimes is not well

captured by commonly used benchmarks. This sensitivity is most

evident on High workloads, where recall drops sharply for most

strategies, often below 0.2, consistent with the known di�culty of

extremely low-selectivity regimes (e.g., around or below 0.1%) in

which hybrid indices struggle to �nd enough �lter-satisfying can-

didates [1]. We also report indexing time and memory footprint in

Table 4. These results are measured on the three synthetic datasets

in Table 3, all built on the same SIFT1M base vectors. Since index

construction is independent of the query workload, these costs are

driven mainly by the base data label synthesis policy rather than by

the U-Hardness. Overall, the table shows that indexing overhead is

sensitive to label organization: some methods remain stable across

datasets, whereas others vary despite sharing the same base vectors.

5.3.1 Strategy-Specific Behavior Analysis. While all methods de-

grade under hard workloads, the severity and underlying causes of

degradation di�er substantially across index designs.

Post Filtering relies exclusively on over-fetched vector candidates

to satisfy �lter predicates. Under high-hardness workloads, increas-

ing the over-fetch factor has limited e�ect, as �lter-satisfying can-

didates remain rare, leading to consistently low recall. As shown

in Figures 5 and 6, higher U-Hardness directly translates to poorer

search performance across datasets.

UNG is one of the most robust methods to dataset variation among

those evaluated. Even extremely low-selectivity queries targeting

rare labels, such as SIFT-High in Figure 6(c), can still maintain

robust performance because su�cient graph connectivity is pre-

served, albeit at the cost of substantially higher index construction

overhead. As shown in Table 4, this design requires UNG to preserve

connectivity for rare labels during indexing by partitioning the data

into smaller groups, causing both indexing time and memory over-

head to increase as the label distribution of the base data becomes

more complex. These smaller groups can also improve search ef-

�ciency. However, in workloads such as RWalks with single-label

�lters, UNG must traverse a large number of groups, which results

in lower QPS than in other workloads.

NHQ incorporates attribute similarity by averaging binary matches

across attributes. As the number of attributes grows, each match

contributes less, reducing recall under complex, high-cardinality

labels. Interestingly, indexing time decreases as the number of

attributes grows, suggesting that index construction may terminate

early when too few base vectors share a label to form su�cient

edges, resulting in weak graph connectivity and lower recall. This

pattern is re�ected in the recall drops on UNG, RWalks, and YFCC

in Figure 6-NHQ. Consequently, NHQ is the least robust strategy

under hard workloads.

ACORN evaluates �lter satisfaction before traversal and expands

only �lter-quali�ed nodes, achieving strong performance under

most workloads. However, its denser-HNSW strategy breaks down

under high-hardness workloads, especially when selectivity falls

below approximately 0.1%. In this regime, dense connectivity alone

cannot preserve meaningful connectivity among �lter-satisfying

nodes, causing the search to terminate prematurely before reach-

ing the true targets and thus in�ating QPS despite failed retrieval.

This behavior is especially evident in SIFT-High and GIST-High.

Because this denser-HNSW strategy is predicate-agnostic, its in-

dexing cost is largely insensitive to the base data label distribution,

but it consistently requires the highest indexing time and memory

footprint among the evaluated methods.

RWalks requires base labels to be �attened into binary vectors,

making it sensitive to attribute count and missing probability and

causing greater performance variation than in other strategies.

RWalks also degrades under high-hardness workloads, consistent

with its original �nding that recall collapses at extremely low selec-

tivity when index construction fails to establish e�ective traversal

paths. Its binary label representation also increases memory over-

head as the number of base labels grows, as in RWalks. However,

this design is e�ective when there are few query �lters and re-

mains reliable even with large attribute cardinalities. This behavior

aligns with the workload con�guration of RWalks, enabling strong

performance with few active labels and high-cardinality attributes.

5.4 Hardness as a Bridge (RQ4)

Another practical implication of U-Hardness and HCBGenis that

they bridge research benchmarks and real-world hybrid workloads.

Because such workloads are rarely released or standardized, we

conduct a �delity experiment by emulating the query workloads

of four semi-real datasets. We consider two deployment scenar-

ios. In the �rst, the base data is available but the original query

workload is not, so the generator receives only the target hardness

information; this corresponds to the base labels loading con�gu-

ration with Match-PDF mode (Generated with base data). In the

second, more challenging scenario, neither base data nor query

logs are available, and the generator again receives only the target

hardness information (Generated w/o base data). In this case, base
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Figure 8: Recall–QPS trade-o�s on four semi-real datasets for Post-Filtering and RWalks, comparing the original workload

with two MATCH-PDF workloads generated by our generator with and without base data. The generated workloads largely

preserve the performance trends of the original workload, including the workload generated without base data.

labels are synthesized using a �xed con�guration with 2 attributes

of cardinality 12. This extreme but practical setting demonstrates

the generality of hardness as a standalone workload descriptor.

Figure 7 compares the hardness distributions of the original

workloads (given) with those of the two proxy workloads gener-

ated by our method.Match-PDF enables the generator to closely

�t the target hardness distribution across all four datasets. To quan-

tify distributional similarity, we report (i) the Kolmogorov–Smirnov

statistic[46] and (ii) the 1-Wasserstein distance[41] between the gen-

erated and given hardness distributions. Both metrics consistently

show that the generated workloads closely match the given ones.

We further test this argument by asking whether matching hard-

ness distributions alsomatches performance. Figure 8 reports recall–

QPS trade-o�s for Post-Filtering and RWalks under three workloads

per dataset. The generated workloads closely track the trade-o�

curves of the given workloads. Notably, even when the generator

has no access to the base data, it still reproduces similar perfor-

mance trends. This supports two conclusions: (i) U-Hardness is

a strong proxy for performance-relevant workload di�culty, and

(ii) hardness-controlled generation can faithfully emulate unseen

workloads using only hardness pro�les. These results show that

our approach can generate privacy-preserving proxy benchmarks

that retain the performance-critical properties of real-world hybrid

workloads. This enables realistic benchmarking of hybrid search

systems without access to sensitive user logs or proprietary query

traces. More broadly, the results suggest that U-Hardness captures

the dominant factors governing hybrid search performance, making

it an e�ective surrogate for approximating unseen workloads.

6 RELATED WORKS

Vector Search Hardness Estimation. Prior work characterizes

vector-search hardness through intrinsic data properties such as

dimensionality, local density variation, and hubness, which shape

nearest-neighbor structure and distance concentration [2, 6, 39].

Steiner Hardness further gives an execution-oriented measure for

graph-based ANN by estimating the traversal e�ort needed to reach

the target neighborhood [56]. Our U-Hardness extends this view

to FANN by preserving traversal di�culty as the fetch component

while additionally modeling over-fetching and �lter-induced execu-

tion e�ects. To the best of our knowledge, no prior work explicitly

de�nes query hardness for FANN.

FANN Benchmarking. Recent work has introduced FANN bench-

marking studies. Shi et al. [45] construct semi-real datasets with

controlled factors such as label length, selectivity, and dataset size,

but sample query labels from the dataset, which biases queries

toward easy cases under our hardness estimator. Lin et al. [30]

discuss query-di�culty factors conceptually, but also rely on query

sampling, inheriting label-distribution bias and limiting robustness

evaluation. I� et al. [20] introduce a semi-real hybrid dataset with

diverse query labels, yet without an explicit notion of query-level

di�culty, their representativeness remains unclear. Existing FANN

benchmarks therefore lack query-level hardness modeling, leaving

robustness under hard queries unexplored.

Benchmark Sensitivity in Database Systems. Benchmark brit-

tleness is a recognized problem across database research. In re-

lational systems, TPC-H and TPC-DS have been shown to miss

real-world workloads in schema type, expression complexity, and

operator structure [53], while cloud-scale production workloads

exhibit write-heavy pipelines and long-tailed distributions absent

from standard benchmarks [52]. In ANN search, algorithm rankings

shift substantially across datasets [29] and also depend on whether

queries are easy or hard [15]. Together, these results show that

benchmark design choices often determine performance rankings.

7 CONCLUSION

In this paper, we presented U-Hardness, an execution-driven mea-

sure of hybrid-query di�culty that aligns consistently with ob-

served FANN performance across datasets and strategies, unlike

selectivity- or correlation-based proxies. Using U-Hardness as a

control knob, HCBGen generates hardness-controlled benchmarks

and can approximate real workloads by matching hardness pro�les,

revealing that many existing benchmarks are biased toward easy

queries and can overstate robustness.
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