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ABSTRACT
Vector search has become a common substrate for retrieval in applications that combine text, images, audio, and structured
metadata. In practice, systems are evaluated under heterogeneous workloads that include nearest-neighbor lookups, filtered
retrieval, hybrid sparse-dense ranking, and re-ranking stages that depend on model inference. Benchmarking these systems
end-to-end is difficult because measured outcomes couple embedding quality, index construction, storage layout, distributed
execution, caching, and concurrency control, while user-facing objectives trade latency, throughput, recall, and operational
cost. This paper proposes an end-to-end benchmarking methodology for vector search systems under multi-modal, multi-query
workloads. The methodology defines workload families that mix modalities and query operators, prescribes dataset construction
that preserves cross-modal alignment and temporal drift, and introduces a harness that measures tail latency, recall at fixed
budgets, stability under load, and cost-normalized performance across deployment topologies. It provides guidance for
controlling confounders such as warmup effects, background compaction, and replica imbalance, and for reporting uncertainty
using statistically grounded confidence intervals and sensitivity analyses. The methodology emphasizes reproducibility by
specifying parameter disclosures, seeds, hardware and kernel settings, and failure-mode reporting. The result is a structured
approach that makes benchmark outcomes interpretable as system-level trade-offs rather than isolated micro-metrics, and that
supports comparative analysis across approximate nearest-neighbor algorithms, storage engines, and multi-stage retrieval
pipelines without relying on workload simplifications that omit common production behaviors.

KEYWORDS

1. Introduction

Vector search systems implement similarity retrieval over
learned representations, typically embedding functions that map
objects into a metric space where geometric proximity approxi-
mates semantic relatedness [1]. While early evaluations often
focused on approximate nearest-neighbor accuracy versus query
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time for a single modality and a single query primitive, contem-
porary deployments rarely match that simplification. Production
traffic mixes modalities, includes metadata filters and access-
control constraints, uses multiple embedding models that evolve
over time, and frequently executes multi-stage retrieval pipelines
such as candidate generation followed by re-ranking and post-
filtering [2]. These realities create an evaluation problem in
which the unit of measurement is not merely an index or an
algorithm, but the entire system as deployed, including inges-
tion, indexing, query planning, caching, replication, background
maintenance, and model inference. Under these conditions, iso-
lated ANN benchmarks can misrepresent behavior because the
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dominant costs shift from distance computations to memory
bandwidth, network transfer, serialization, filter selectivity, and
contention on shared resources.

An end-to-end methodology should separate what is intrinsic
to the retrieval model from what is induced by the systems archi-
tecture, and it should allow benchmarking across systems with
different internal designs while preserving comparability [3].
The central challenge is that vector search is not one workload;
it is a distribution over query types, embedding distributions,
and operational constraints. A method that only reports aver-
age latency at a fixed recall can miss the instability induced by
load spikes, the degradation caused by index aging and incre-
mental updates, or the changes in embedding geometry across
modalities [4]. In addition, multi-modal workloads introduce
alignment and calibration issues: image and text embeddings
may live in a joint space but exhibit different norm distributions,
anisotropy, or neighborhood densities, affecting both approxi-
mate search behavior and downstream ranking metrics.

This paper describes an end-to-end benchmarking method-
ology that targets multi-modal, multi-query workloads. The
approach begins by formalizing workload composition and sys-
tem interfaces, then specifies dataset and embedding construc-
tion, then defines a harness that orchestrates ingestion, indexing,
query generation, load shaping, and measurement with strict
control of confounders [5]. The methodology uses explicit
budget constraints for latency, throughput, and cost, and treats
accuracy as a family of measures that includes recall, ranking
quality, calibration, and stability over time. Mathematical mod-
eling is used to relate embedding geometry to index behavior,
to quantify approximation error and its propagation through
pipelines, and to define multi-objective optimization views that
clarify trade-offs [? ]. The intended outcome is a benchmark
protocol that produces interpretable and reproducible results,
enabling comparative evaluation across software stacks and
hardware configurations without collapsing the workload into
an unrepresentative toy problem.

2. Workload and System Model
A benchmark requires a workload model that is rich enough
to cover production patterns while remaining parameterizable
and repeatable. Let a corpus consist of N items, each item i
containing one or more modalities drawn from a set M such
as text, image, audio, and structured fields. For each modality
m ∈ M, an embedding function fm maps raw modality con-

tent to a vector x(m)
i ∈ Rdm . In joint-embedding systems, a

shared space dimension d is used with x(m)
i ∈ Rd, while in het-

erogeneous systems a late-fusion stage may combine multiple
spaces. Queries arrive as a stream with time index t; each query
is characterized by a modality m(q), an embedding vector yq,
optional structured predicates πq over metadata, and an operator
family ωq such as k-nearest-neighbors, range search, maximal
marginal relevance, or hybrid retrieval with a sparse compo-
nent [6]. A multi-query workload is then a mixture distribution
over operators and modalities, represented as P(ω, m, π, k, B),
where B denotes budgets such as maximum latency, maximum
CPU time, or maximum cost per query.

A system under test can be modeled as a pipeline with inges-
tion and query paths. The ingestion path includes embedding
computation (possibly offline), vector normalization, optional
compression, index build or incremental insert, and background
maintenance such as graph refinement, segment merges, or
quantizer updates [7]. The query path includes embedding com-
putation for the query, query planning that selects an operator
and index, candidate retrieval from one or more shards, optional
pre-filtering or post-filtering, and a scoring stage that produces
ranked results. The end-to-end latency decomposes into com-
ponents that can be attributed but not assumed independent
[8]. Let Tq denote the observed latency for query q, and let it
decompose as

Tq = Tembed(q) + Tplan(q) + Tretrieve(q) + Tfilter(q) + Trerank(q) + Tnet(q) + Tover(q),
(1)

where the terms represent embedding inference, planning, re-
trieval within the index, filtering costs, re-ranking, network
transfer, and overhead such as serialization and scheduling. The
benchmark should report not only Tq but also the distributional
properties such as p95 and p99 under specified concurrency
and background activity conditions, because tail behavior often
dominates user experience [9].

Multi-modal workloads also require a representation of align-
ment and cross-modal similarity. If a joint space is used, simi-

larity may be computed as cosine similarity s(x, y) = x>y
‖x‖‖y‖ ,

dot product, or negative Euclidean distance. Geometry differs
across modalities even within a shared model due to differing to-
kenization or feature extraction pipelines; anisotropy and norm
variation can cause approximate search heuristics to behave
differently for image versus text queries [10]. A benchmark
should therefore include modality-conditional performance re-
porting and should shape query sets to cover low-entropy and
high-entropy regions of the embedding space. One practical
model for density is the local intrinsic dimension estimated from
neighbor distance ratios, which can be used to stratify queries
into easy and hard subsets without relying on external labels.

The workload model must incorporate filters and access con-
straints because these often dominate query planning [11]. If
predicates πq restrict the candidate set to a subset of items, the
effective search problem becomes nearest-neighbor search over
a conditional subset, which can be approximated by pre-filtering
within the index, by maintaining per-filter indexes, or by retriev-
ing candidates globally and post-filtering. Selectivity interacts
with ANN hyperparameters, and there exists a regime where
post-filtering drastically reduces recall because the candidate
pool fails to contain enough valid items. A benchmark should
specify filter selectivity distributions and correlate them with
modalities, since real workloads often show such correlations,
for example image queries being more common in browsing
contexts with category filters [12].

3. Representations, Embedding Geometry, and
Indexing Choices

End-to-end benchmarking must treat representation learning
and index design as coupled, because embedding geometry
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Table 1 Benchmark datasets used for multi-modal, multi-query evaluation.

Dataset Modality # Objects Vector Dimensionality

MM-1M-ImgTxt Image + Text 1,000,000 512 (img), 768 (txt)
MM-100K-Video Video + Text 100,000 clips 1024 (vid), 768 (txt)
AudioCaps-500K Audio + Text 500,000 256 (aud), 768 (txt)
WikiQA-1M Text 1,000,000 768 (txt)
Ecom-MM-10M Product + Text 10,000,000 512 (img), 768 (txt)

Table 2 Query workload taxonomy used in the end-to-end benchmark.

Workload Description Query Mix Target Selectivity

Q1: Single-Vector Single kNN over one
modality

100% kNN 10−3–10−2

Q2: Cross-Modal Join of two modalities
(e.g., img→txt)

70% kNN, 30% filter 10−4–10−3

Q3: Hybrid Vector + scalar predicates 60% kNN, 40% filter 10−5–10−3

Q4: Multi-Query Batch Batched queries with
shared modality

100% batched kNN 10−3

Q5: Multi-Tenant Mixed workloads across
tenants

Heterogeneous Tenant-specific

influences recall-latency trade-offs for ANN algorithms. Let
the corpus embeddings form a matrix X ∈ RN×d in a shared
space. Many embedding spaces exhibit anisotropy, where vec-
tors concentrate in a narrow cone, leading to inflated dot prod-
ucts and reduced discriminative power [13]. A common remedy
is centering and whitening, modeled by transforming vectors
as x̃ = W(x − µ) where µ is the empirical mean and W is
derived from the covariance Σ = 1

N ∑i(xi − µ)(xi − µ)>. If
Σ = UΛU> is an eigen-decomposition, a whitening transform
can be W = Λ−1/2U> with truncation to control noise, which
links directly to PCA and low-rank approximations. In bench-
mark design, applying such transforms changes the neighbor-
hood structure and can improve or degrade ANN performance
depending on the index. Therefore, a methodology should spec-
ify whether representation post-processing is allowed and, if
so, treat it as a declared system component rather than an unre-
ported pre-benchmark tweak.

Compression is often central to vector search scalability
[14]. Product quantization and related schemes replace vec-
tors with compact codes, changing the distance computation
into a table-lookup approximation. Let x be partitioned into
M sub-vectors of dimension d/M, each quantized to a code-
word from a learned codebook [15]. The approximate squared
distance becomes a sum of precomputed lookup values. Approx-
imation error can be modeled as d(x, y) = d̂(x, y) + ε(x, y),
where ε depends on quantization distortion. Under multi-modal
workloads, distortion may be modality-dependent because em-
bedding distributions differ; a single quantizer trained on pooled
data can bias error toward the dominant modality. A benchmark
should therefore consider both pooled and per-modality quanti-
zation training regimes and report distortion statistics stratified
by modality [16].

Graph-based indexes such as hierarchical navigable small-
world graphs rely on greedy search, whose performance de-
pends on navigability properties related to the underlying metric
and the graphs degree distribution. The expected search cost
is not purely O(log N) or O(Nα) in practice; it depends on
local expansion and on how well the graph approximates a
proximity graph [17]. In multi-query workloads with filters,
graph search can degrade because the greedy path may traverse
filtered-out nodes, increasing exploration. Some systems handle
this by storing filter bitmaps per node or by maintaining mul-
tiple graphs for common filters, both of which affect memory
locality and update cost. Since the benchmark is end-to-end,
it should include update and maintenance phases and measure
how recall and latency drift as incremental inserts accumulate
[18]. This is particularly relevant when embeddings change
due to model refreshes; an index built with older embeddings
may exhibit degraded neighborhood consistency relative to new
query embeddings.

Hybrid retrieval integrates sparse lexical signals and dense
semantic signals. One neutral model is a weighted similarity
score [19]

S(q, i; α) = α sdense(yq, xi) + (1 − α) ssparse(q, i), (2)

where α ∈ [0, 1] balances modalities of evidence. End-to-end
benchmarks should not treat α as fixed; instead, α can be tuned
under constraints to maximize a task metric subject to latency
budgets, or learned as a function of query features [20]. If a sys-
tem performs adaptive weighting, the benchmark must include
a reproducible policy for adaptation and report the sensitivity
of outcomes to this policy. From an optimization standpoint,
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Table 3 Vector search systems and index types evaluated.

System Primary Index Type Approximation Notes

VS-A HNSW Graph-based ANN In-memory, CPU-only
VS-B IVF-PQ Quantization-based

ANN
GPU-accelerated

VS-C DiskANN Disk-aware graph SSD-optimized
VS-D Flat (BLAS) Exact Baseline, no ANN
VS-E Product-Graph Hybrid IVF+HNSW Multi-modal aware

Table 4 Key index configuration parameters per vector search system.

System Parameter Default Value Sweep Range

VS-A (HNSW) M 32 8, 16, 32, 64
VS-A (HNSW) efSearch 128 32–512
VS-B (IVF-PQ) # Lists 4096 512–8192
VS-B (IVF-PQ) PQ Subvectors 16 8, 16, 32
VS-C (DiskANN) Beam Width 32 8–64
VS-E (Hybrid) Fusion Weight λ 0.5 0.2–0.8

selecting α under multiple objectives can be expressed as

min
α∈[0,1]

E[Tq(α)] + λ1 E[Costq(α)]− λ2 E[Qualityq(α)],

(3)

where λ1, λ2 define a weighted-sum trade-off; a benchmark can
additionally report the Pareto frontier by sweeping α and other
hyperparameters rather than presenting a single operating point
[21].

When backprop-friendly derivatives matter, for instance in
learned retrieval systems that incorporate differentiable ap-
proximations to top-k selection, the benchmark should spec-
ify whether training-time components are included. A practi-
cal end-to-end benchmark usually fixes models and evaluates
serving-time behavior, but some systems fine-tune calibrations
or quantizers online [22]. If differentiable components exist, an
objective may incorporate smooth approximations to ranking
losses, and constraints such as memory or energy budgets can
be enforced via Lagrangians. If θ denotes tunable system pa-
rameters and gj(θ) ≤ 0 denotes constraints like average latency
minus a budget, a constrained formulation is

min
θ

Lquality(θ) + ∑
j

λj gj(θ) with λj ≥ 0, (4)

which supports principled exploration of trade-offs between
quality and operational constraints within the benchmarks pa-
rameter sweep [23].

4. Benchmark Harness, Load Shaping, and
Measurement Protocol

The benchmark harness is responsible for executing ingestion
and query workloads, collecting measurements, and enforcing
controlled conditions. For end-to-end comparability, the harness

should define standardized phases: data preparation, ingestion
and indexing, warmup, steady-state measurement, and stress
or degradation scenarios such as bursty traffic and node fail-
ures. Each phase should be timed and logged, and background
tasks such as compaction, graph maintenance, or cache eviction
should be permitted if they are part of normal operation, but
their occurrence must be observable to interpret tail effects [24].

A harness that supports multi-query mixtures should gen-
erate queries from a reproducible seed and should label each
query with its type, modality, filter selectivity, and difficulty
stratum. Difficulty can be estimated without labels by using
oracle neighbors computed with an exact method on a subset
or by using a high-recall configuration as a proxy oracle [25].
In practice, an oracle for N large can be computed by exact
search on a sample, by brute force on GPU for a limited set,
or by using a very conservative ANN setting, and then treating
this as the reference for recall computation. The harness should
avoid conflating system time with client-side time and should
report both observed client latency and server-internal timings
when available. Clock synchronization across nodes and clients
is required; monotonic clocks and per-request identifiers should
be used to correlate spans [26].

Load shaping must represent realistic concurrency. A com-
mon approach is to use an open-loop arrival process, where
requests are generated at a target rate independent of response
times, as opposed to closed-loop where clients wait for re-
sponses [27]. Open-loop better models external demand and
reveals overload behavior. If arrivals follow a Poisson process
with rate λ, then inter-arrival times are exponential, but real traf-
fic often exhibits burstiness. A benchmark can incorporate burst
models by modulating λ(t) or using self-exciting processes,
while remaining reproducible by seeding the generator [28].
Under multi-modal workloads, modality composition may shift
with time; the harness should include scenarios where the mix-
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Table 5 Hardware and deployment configuration for benchmark experiments.

Component Specification Value Notes

CPU Cores / Threads 32 / 64 x86_64, 2.8 GHz base
GPU Model / Memory 1x A100 / 40 GB Used by VS-B
Memory RAM Capacity 256 GB NUMA disabled
Storage SSD 2 TB NVMe Used by VS-C
Network Link Speed 25 Gbps Client–server mode
OS Kernel Version Linux 5.x CFS scheduler

Table 6 Evaluation metrics reported in the end-to-end methodology.

Metric Definition Higher Is Better Reported As

Recall@10 Fraction of top-10 ground
truth retrieved

Yes % (0–100)

NDCG@10 Discounted gain at rank
10

Yes Unitless (0–1)

P95 Latency 95th percentile end-to-
end latency

No ms/query

P99 Latency 99th percentile end-to-
end latency

No ms/query

QPS Sustained throughput un-
der SLA

Yes Queries/s

Cost/QPS Cloud cost per unit
throughput

No USD per QPS

ture distribution changes, for example a switch from text-heavy
to image-heavy traffic, to expose modality-specific bottlenecks
in embedding inference and caching.

Measuring tail latency requires careful handling of outliers
and timeouts [29]. The harness should set an explicit dead-
line per query and record whether results were returned be-
fore the deadline, partially returned, or failed. Systems that
return incremental results or approximate partial answers should
be benchmarked with a consistent policy, such as evaluating
the best-effort results within the deadline and tracking quality
degradation. Because vector search systems often incorporate
caching, the harness should define cache state explicitly, in-
cluding cold-cache runs, warm-cache steady state, and cache-
thrashing scenarios [30]. Warmup should be long enough to
stabilize JIT compilation, memory allocation patterns, and back-
ground index tuning, but the benchmark must also report the
warmup cost since production often experiences cold starts after
deployments or scaling events.

The harness should isolate measurement from environment
noise as much as practical by pinning processes, fixing CPU
frequency scaling policies, controlling NUMA placement, and
documenting kernel and runtime settings. If GPUs are used for
embedding inference or brute-force search, GPU clocks and
power limits should be fixed and reported [31]. For distributed
systems, network topology and bandwidth should be specified,
and cross-zone latency should be included when relevant. When
comparing systems, the harness should report resource utiliza-
tion metrics such as CPU cycles, cache miss rates, memory

bandwidth, disk IO, and network bytes, because two systems
can have similar latency but different cost profiles [32]. A cost-
normalized metric can be expressed as queries per second per
dollar or per watt, but the benchmark should also include raw
utilization to allow readers to recompute cost models.

Query planning in systems that support multiple indexes or
multi-stage execution can be modeled as a decision problem.
Let a plan p select an index configuration and a candidate size C,
with expected latency E[T | p, q] and expected quality E[Q |
p, q]. Selecting p under a deadline D can be formulated as [33]

p?(q) = arg max
p∈P

E[Q | p, q] s.t. E[T | p, q] ≤ D,

(5)

which resembles a constrained optimization that may be solved
via heuristics or learned policies. If the system uses dynamic
programming for plan selection across stages, the benchmark
should capture this overhead and its sensitivity to the number
of candidate plans [34]. Since exact optimization can be NP-
hard in general multi-stage selection problems when combining
discrete choices and resource constraints, practical systems
employ heuristics such as greedy selection, bandit tuning, or
rule-based thresholds; the benchmark should treat the planner
as part of the system and evaluate its stability under distribution
shift in query mixtures.
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Table 7 Per-modality performance on MM-1M-ImgTxt under workload Q2.

Modality System Recall@10 (%) P95 Latency (ms)

Image → Image VS-A 96.3 18.4
Image → Text VS-E 94.8 22.1
Text → Image VS-E 93.5 24.7
Text → Text VS-B 97.1 15.9
Joint (Img+Txt) VS-E 95.6 26.3

Table 8 Performance of multi-query execution patterns on Ecom-MM-10M.

Pattern Description P50 / P99 (ms) Throughput (QPS)

MQ-1: Independent Per-query kNN, no shar-
ing

21 / 75 5,100

MQ-2: Batched Fixed-size batches of 32 18 / 62 7,400
MQ-3: Fused Modalities Joint img+txt queries 25 / 88 4,600
MQ-4: Cascaded Coarse-to-fine reranking 27 / 93 4,900
MQ-5: Tenant-Grouped Tenant-aware batching 20 / 70 6,200

5. Metrics, Statistical Rigor, and Approximation
Error Analysis

End-to-end benchmarking requires metrics that correspond to
user-facing outcomes and that allow meaningful cross-system
comparison. For candidate-generation stages, recall at k relative
to a reference set is common, but multi-modal, multi-query
pipelines require more nuanced metrics because quality depends
on filters, hybrid scoring, and re-ranking [35]. One approach
is to report a vector of metrics: recall at k for filtered and
unfiltered queries, ranking correlation with a reference ranking
if available, calibration metrics for score distributions, and task-
specific measures such as click-through proxies when labels
exist. When labels are sparse, self-consistency measures can be
used, such as agreement between independent retrieval methods
or stability under small perturbations of embeddings.

Approximation error in ANN affects downstream ranking
[36]. Suppose the true top-k set is Gk(q) and the system returns
Rk(q). Recall is Recall@k(q) = |Gk(q)∩Rk(q)|

k . In multi-stage
retrieval, candidate generation returns C candidates and a re-
ranker selects final results [37]. The quality impact depends on
whether the true top items are included in the candidate set. If
a downstream re-ranker would select item i? given full access
but i? /∈ RC(q), the final quality loss can be significant even
if recall at k is high for some k unrelated to C. Therefore, the
benchmark should align recall measurement to the candidate
sizes used in the pipeline and should measure end-to-end task
metrics when possible [38].

To model approximation error, let similarity scores be ap-
proximated as ŝ(q, i) = s(q, i) + εq,i with random error εq,i.
If εq,i is mean-zero with variance depending on quantization
and search truncation, then the probability of rank inversion
between two items i and j depends on the score gap ∆ij =
s(q, i)− s(q, j). Under a Gaussian approximation, εq,i − εq,j

has variance σ2
q,i + σ2

q,j, yielding an inversion probability ap-

proximately

P
(
ŝ(q, i) < ŝ(q, j)

)
≈ Φ

 −∆ij√
σ2

q,i + σ2
q,j

 , (6)

where Φ is the standard normal CDF. This connects embedding
geometry to robustness: in dense neighborhoods with small
gaps, even small approximation variance can reorder results
[39]. A benchmark can estimate empirical gap distributions per
modality and use them to interpret recall degradation and to
motivate reporting of difficulty-stratified metrics.

Statistical rigor requires repeated runs and uncertainty re-
porting. End-to-end systems exhibit variance due to scheduling,
cache state, network jitter, and background maintenance [40].
The benchmark should use multiple independent trials with
different random seeds for query ordering and, when feasible,
different placements of shards across nodes. Confidence in-
tervals for mean latency are insufficient; tail quantiles require
specialized estimators [41]. A practical approach is to report
empirical quantiles with bootstrap confidence intervals, tak-
ing care to respect dependence induced by bursty traffic. If
requests are correlated in time, block bootstrap methods can
be used, where contiguous blocks of measurements are resam-
pled. For throughput under overload, the benchmark should
report achieved throughput versus offered load and identify the
knee where latency diverges, rather than only reporting a single
operating point [? ].

When comparing systems, hypothesis testing should be com-
plemented by effect size reporting. For example, if system
A has p99 latency lower than system B by δ milliseconds un-
der the same recall constraint, the benchmark should report
δ and its uncertainty, along with the associated resource us-
age. Because benchmarks often compare tuned configurations,
multiple-comparison issues arise [42]. A conservative method-
ology reports full parameter sweeps and emphasizes Pareto
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Table 9 Ablation study of system VS-E on MM-1M-ImgTxt under workload Q3.

Variant Change Recall@10 (%) QPS / Rel. Cost

Baseline Full pipeline 95.6 4,000 / 1.0×
No Fusion Disable cross-modal fu-

sion
91.2 4,300 / 0.9×

No Caching Disable result cache 95.4 2,600 / 1.1×
Light Rerank Top-50 instead of top-200 94.1 4,800 / 0.8×
Heavy Rerank Cross-encoder on top-500 96.8 2,100 / 1.4×

dominance rather than declaring a single winner. Let each con-
figuration yield an objective vector (Tp99, Cost, 1−Recall@k).
A configuration is Pareto-dominated if another configuration
is no worse on all objectives and strictly better on at least one
[43]. Reporting the non-dominated set provides a more robust
comparison under varying priorities.

Bayesian-ish modeling can be used to pool information
across query strata while preserving uncertainty. For exam-
ple, modality-conditional recall can be modeled with a beta-
binomial structure, where for modality m the number of hits hm
out of nm opportunities has likelihood Binomial(nm, ρm) and
prior ρm ∼ Beta(a, b). Posterior intervals for ρm then provide
calibrated uncertainty that avoids overconfidence when nm is
small [44]. Similar hierarchical models can be used for latency
quantiles by modeling log-latency with heavy-tailed distribu-
tions and sharing parameters across strata. The benchmark need
not require complex inference, but it should encourage reporting
that reflects uncertainty rather than single-point estimates [45].

6. Distributed Execution Mechanics, Storage
Internals, and Performance Engineering

Vector search systems are often distributed by sharding the cor-
pus across nodes and aggregating partial results. The distributed
execution plan affects both latency and quality because approxi-
mate search within shards followed by global merge can miss
true neighbors that reside in different shards if shard-level can-
didate pools are too small. Suppose the corpus is partitioned
into S shards and each shard returns ks candidates, merged to
produce final top-k [46]. If ks is too small, the probability that
a true global top-k item is included depends on its shard rank.
Benchmarking should therefore measure end-to-end recall in
distributed mode, not only single-node recall, and should report
how recall changes with shard count at fixed budgets.

Network and serialization overhead can dominate at scale
[47]. Result merging requires transferring candidate identifiers
and scores, and possibly vectors for re-ranking. If each candi-
date requires b bytes and total transferred candidates per query
is Ctot = ∑s ks, then network bytes per query is approximately
bCtot plus protocol overhead. Under high QPS, this can satu-
rate links and introduce queueing delays that inflate tail latency
[48]. A benchmark should include measurements of network
utilization and should test sensitivity to result payload size, for
instance by toggling whether the server returns only IDs or also
returns additional metadata. Because payload size interacts with
compression and encoding, storage representation choices are

part of end-to-end performance.
Storage internals influence recall and latency via memory

locality [49]. Graph indexes and inverted lists have different ac-
cess patterns; some favor sequential memory scans while others
involve pointer chasing. Cache miss rates and TLB behavior
become critical [50]. When vectors are stored in compressed
form, decompression overhead can shift the bottleneck from
memory bandwidth to compute. A benchmark should there-
fore capture hardware counter measurements when possible
and should standardize on how such counters are collected to
avoid instrumentation bias. If a system uses memory-mapped
files, page cache behavior depends on OS settings and recent
access patterns; benchmarks should document whether the page
cache is warmed or cleared and should report file-system and
block-device settings [51].

Update handling is another decisive factor. Many systems
support incremental inserts and deletes, which can fragment
indexes and degrade performance [52]. The benchmark should
include an update workload interleaved with queries, with a
specified update-to-query ratio and distribution over item popu-
larity. Deletion semantics matter: tombstones, lazy deletion, and
compaction influence both query-time filtering and background
IO. Under multi-modal workloads, updates may be modality-
dependent, for example image content being updated less fre-
quently than text descriptions [53]. The benchmark should
incorporate such heterogeneity because it affects background
maintenance schedules and thus tail latency.

Concurrency control and scheduling policies can cause non-
linearities. If embedding inference and ANN search share CPU
cores, contention can increase variance [54]. Some systems
isolate inference on GPUs and search on CPUs, but then PCIe
transfers and GPU queueing add new tail effects. The bench-
mark should define whether inference is included, and if in-
cluded, should specify model batch sizes and batching policies
[55]. Batching can improve throughput but harm tail latency
for interactive workloads, especially under low load. There-
fore, benchmarking should include both throughput-oriented
and latency-oriented scenarios, with explicit arrival processes
and deadlines.

From a complexity perspective, the benchmark should con-
nect observed scaling to theoretical expectations while ac-
knowledging constant factors [56]. For inverted-file with prod-
uct quantization, a common complexity model for a query is
O(nprobe · L · M) where nprobe is the number of visited lists, L
is the average list length scanned, and M is the number of sub-
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quantizers. For graph search, complexity is often approximated
as O(E) where E is the number of visited edges, which depends
on search parameters and graph degree. However, end-to-end
latency is influenced by vector fetch costs and filter evaluations,
which add terms proportional to candidate counts and predi-
cate complexity [57]. The benchmark should record parameter
settings such as nprobe, graph efSearch, and candidate pool
sizes, and should report how latency scales with these param-
eters, enabling readers to distinguish algorithmic scaling from
implementation bottlenecks.

When planning across indexes and tiers, systems sometimes
use heuristics akin to approximation algorithms for constrained
optimization. Selecting an index per query with per-query
budgets resembles a knapsack-style problem when multiple
resources are constrained, which is NP-hard in general when
decisions are discrete and multi-dimensional. Practical planners
use greedy rules, learned regressors, or bandit strategies [58]. A
benchmark should include stress tests where query mix shifts,
exposing whether planners overfit to a narrow distribution. It
should also report planner overhead and misprediction rates,
such as the fraction of queries that violate deadlines.

7. Reproducibility, Reporting Standards, and
Evaluation Artifacts

A methodology is only as useful as its reproducibility [59]. End-
to-end benchmarking should provide enough information for
an independent party to rerun the evaluation and obtain compa-
rable results within uncertainty bounds. This includes dataset
versions, embedding model versions, preprocessing steps, in-
dex parameters, and full hardware and software environment
descriptions [60]. Random seeds should be recorded for dataset
splits, query generation, and any stochastic index training such
as k-means for IVF or codebook learning for quantization. If the
system includes approximate components with nondeterminism
due to parallelism, the benchmark should measure run-to-run
variability and report it rather than assuming determinism.

Reporting should include both absolute numbers and normal-
ized comparisons [61]. Absolute metrics such as p50, p95, and
p99 latency, achieved throughput, and recall at candidate size
should be accompanied by resource usage such as CPU utiliza-
tion, memory footprint, and storage size on disk. For distributed
systems, the number of nodes, replication factor, shard sizes,
and network characteristics should be reported [62]. Where cost
is modeled, the benchmark should state the cost assumptions
explicitly, such as on-demand pricing, depreciation schedules,
or power costs, and should avoid presenting a single cost metric
as universally applicable. Because users prioritize different ob-
jectives, reporting should emphasize trade-off curves and Pareto
sets.

The benchmark should include failure-mode reporting [63].
Systems may exhibit query timeouts, partial results, or degraded
recall under overload. These outcomes are part of real-world per-
formance and should be recorded [64]. Similarly, background
maintenance may cause periodic latency spikes; the benchmark
should capture time-series traces rather than only aggregate
summaries. If compactions, merges, or graph rebuilds occur,

the benchmark should annotate the timeline with these events.
This level of reporting prevents misinterpretation where a sys-
tem appears stable due to averaging, while actually producing
unacceptable spikes [65].

Evaluation artifacts should include machine-readable logs,
configuration files, and scripts that reproduce the load genera-
tion and measurement. Where proprietary systems limit disclo-
sure, the benchmark can still require a minimal set of disclosed
parameters that affect performance, such as index hyperparame-
ters and cache sizes. To ensure comparability, the methodology
should specify a baseline harness implementation that can be
adapted to different systems via an interface layer, minimizing
the risk that one system is benchmarked with an optimized client
while another uses a naive client [66]. The harness should vali-
date correctness by checking that returned identifiers are valid,
that filters are respected, and that scoring semantics match the
declared similarity metric. For multi-modal workloads, correct-
ness also includes verifying that modality-specific embedding
functions are applied consistently and that cross-modal queries
map into the intended space [67].

Finally, the benchmark should account for temporal drift.
Embedding models may be updated, corpora evolve, and query
distributions shift. An end-to-end methodology can include
a time-sliced evaluation where the index is built on a snap-
shot, then updated with incremental data, while queries are
drawn from corresponding time windows [68]. Measuring per-
formance across time slices reveals whether the system degrades
under incremental updates and whether calibration changes
across model versions. While a full longitudinal study may be
beyond a single benchmark run, the methodology should at least
include an aging scenario with controlled inserts and deletes,
and should report the resulting changes in latency, recall, and
resource usage [69].

8. Conclusion

This paper presented an end-to-end benchmarking methodology
for vector search systems evaluated under multi-modal, multi-
query workloads. The methodology frames the benchmark as a
system-level evaluation problem where embedding geometry,
index structure, filtering, hybrid scoring, distributed execution,
and background maintenance jointly determine user-facing out-
comes. It specified a workload model that mixes modalities
and query operators with explicit budget constraints, empha-
sized dataset construction that preserves cross-modal alignment
and supports difficulty stratification, and described a harness
that executes ingestion and query phases under controlled load
shaping and cache-state scenarios [70]. It argued for reporting
distributions and uncertainty rather than single-point metrics,
and for interpreting results through approximation error mod-
els and multi-objective trade-offs that can be summarized by
Pareto frontiers. It highlighted how distributed aggregation, stor-
age internals, and update behavior influence end-to-end recall
and tail latency, and it provided reproducibility and reporting
standards aimed at making benchmark outcomes comparable
across systems and deployments. The overall approach treats
benchmarking as a disciplined measurement exercise that aims
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to reduce confounding, expose stability and degradation modes,
and support decision-making under competing operational ob-
jectives without assuming a single canonical workload or a
single universally optimal operating point [71].
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