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Abstract

E-commerce marketplaces increasingly rely on data lakes that consolidate event streams, transactional records, product catalogs,
seller operations, logistics telemetry, and customer interactions. Business intelligence workloads over such lakes are dominated by
exploratory aggregates, repeated slice-and-dice filtering, and wide group-by summaries whose exact evaluation can be expensive
under high data volume, heterogeneous formats, and evolving schemas. Approximate query processing offers a practical path to in-
teractive latency by trading small, controlled error for substantial reductions in scanned data, but classical sampling and stratification
strategies often underperform in marketplaces because relevant subpopulations are defined by high-cardinality, semantically rich at-
tributes such as textual product descriptions, user intent signals, and behavioral embeddings rather than by stable, low-dimensional
keys. This paper develops an approximate query processing framework for data-lake-based marketplace BI that combines semantic
sampling with vector-similarity guided stratification. The central idea is to represent tuples, entities, and query predicates in a shared
embedding space, maintain semantic samples that preserve rare but decision-critical regions, and at query time allocate sampling
effort toward strata whose semantic proximity to the query indicates higher contribution and variance. The approach yields un-
biased or asymptotically unbiased estimators for common aggregates, supports group-by over dynamic taxonomies, and provides
error estimation that remains informative under distribution shift. The proposed design integrates with lakehouse storage, catalog
metadata, and feature stores while supporting incremental maintenance. Analytical modeling and empirical considerations highlight
conditions under which semantic stratification reduces variance relative to key-based baselines, particularly for long-tail products,
sparse conversion events, and cross-domain joins.

1. Introduction flexible substrate for storing and unifying such sources,

but flexibility comes with computational cost. Analysts
E-commerce marketplace business intelligence operates  and automated reporting systems must repeatedly execute
in an environment where the underlying data is simulta- aggregates and group-bys across wide tables and joins, fre-
neously large, diverse, and rapidly changing [1]. A single  quently filtered by a mixture of structured predicates and
marketplace produces clickstream events, search queries, semantic concepts such as product similarity, intent simi-
add-to-cart events, checkout funnels, payment authoriza- |arity, fraud risk, or customer segment embeddings. Even
tions, returns and refunds, customer support interactions, i Jakehouse architectures with columnar storage and in-
seller listing updates, promotions, and logistics scans. dexing, exact evaluation can remain expensive because
These data sources arrive with different latencies, differ-  rejevant signals are scattered across multiple domains and

ent quality guarantees, and different structures, ranging pecause the queries that matter for decision making often
from strongly typed transactional tables to semi-structured

JSON events and unstructured text. Data lakes provide a
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Figure 1: System overview for marketplace Bl: approximate query execution is driven by intent-aware semantic sampling and vector-
similarity guided stratification over a heterogeneous data lake, producing fast KPI estimates with controlled uncertainty.
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Figure 2: Semantic sampling pipeline: normalized Bl queries are mapped to business intent and linked entities, then expanded through
marketplace taxonomies to produce candidate segments and a weighted sample set for approximate aggregation.

focus on sparse events in the long tail rather than on the
head of the distribution [2].

Approximate query processing (AQP) addresses these
constraints by producing answers with quantifiable error
using partial data access. For BI use cases, latency reduc-
tions matter not only for interactive exploration but also
for operational dashboards that must refresh frequently,
for anomaly detection that scans many slices, and for ex-
perimentation pipelines where analysts iterate through
variants of the same metric definition. In marketplaces,
however, classical AQP is challenged by a combination
of high cardinality and semantic heterogeneity. Consider
measuring conversion rate by product category and seller
region while filtering on an intent cluster derived from
search queries, or estimating the uplift of a promotion for
semantically similar products to a seed item. The subpopu-
lation relevant to the query is not well described by a small
set of stable keys [3]. Instead, relevance is encoded in text,
images, user behavior sequences, and learned embeddings
that compress these modalities into vectors. If sampling
ignores this semantic structure, the resulting samples can
miss rare but important regions, yield unstable estimates
for tail segments, and misrepresent the conditional distri-
butions induced by semantic filters.

The tension is particularly clear in marketplace BI
because decision making routinely depends on tail phe-
nomena. Fraud signals are sparse, policy violations are
rare, and certain operational incidents are localized. Even
standard growth metrics can be sensitive to segments that
are small in volume but large in revenue, such as high-
value customers or niche product clusters [4]. AQP sys-
tems that rely on uniform sampling or simple stratification

by a few categorical attributes tend to concentrate resolu-
tion where data volume is high, leaving tail segments with
high relative error. Conversely, maintaining per-segment
samples for all combinations is infeasible because seg-
ment definitions change and because the number of pos-
sible group-by keys explodes. The challenge is to find
a representation and sampling strategy that generalizes
across segment definitions while preserving fidelity for
semantically defined subsets.

Learned vector representations provide a promising
handle. Modern marketplace stacks already maintain em-
beddings for products, queries, users, and sessions to sup-
portranking, retrieval, recommendations, and personaliza-
tion. These embeddings encode semantic proximity in a
continuous space where similarity can proxy for shared
attributes that are not explicitly modeled in schemas [5].
Embeddings also support generalization: a new product
can be embedded near similar products even if its cate-
gorical attributes are missing or inconsistent, and a new
query can be embedded near known intents even if its sur-
face form is novel. For BI, this suggests that sampling and
stratification could be guided by embeddings to preserve
the structure of semantically defined subpopulations and
to adapt sampling effort to the parts of the space most rel-
evant to a given query.

This paper proposes an AQP framework for data-
lake-based marketplace BI that combines semantic sam-
pling and vector-similarity guided stratification. Seman-
tic sampling refers to maintaining samples that are not
merely random subsets but are constructed to preserve dis-
tributional properties in embedding space, including tail
regions and semantically coherent neighborhoods. Vector-
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Figure 3: Vector-similarity guided stratification: marketplace records are embedded, grouped around learned centroids, and assigned
to strata using nearest-neighbor proximity; stratum-level weights and quotas steer sampling toward segments with higher impact on

estimator variance.
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Figure 4: Approximate execution path: a sample-aware plan scans pruned partitions, forms partial aggregates, and applies unbiased
estimators with uncertainty bounds; stopping criteria trade accuracy for latency under Bl budgets.

similarity guided stratification refers to creating or select-
ing strata based on embedding clusters and, at query time,
allocating sampling budget across strata using similarity
between the query representation and stratum representa-
tions [6]. The goal is to reduce estimator variance for se-
mantically filtered aggregates while keeping sample main-
tenance tractable and ensuring that error estimates remain
meaningful under drift.

The approach is designed to fit data lake realities.
Data is stored in partitioned columnar formats, catalogs
provide schemas and lineage, and compute is distributed.
Queries may join facts to dimensions, combine event data
with catalog metadata, and aggregate across time windows.
Semantic representations may live in a feature store and
be referenced via keys [7]. The framework treats embed-
ding functions as part of the logical metadata, enabling
the AQP layer to reason about semantic similarity even
when raw data is heterogeneous. The sampling layer can
be maintained incrementally and can leverage compaction
and clustering operations already present in lakehouse sys-
tems.

A key requirement for marketplace Bl is that approx-
imate answers must be interpretable and stable. Analysts
accept approximation when the error bounds are credi-
ble and when the system behaves predictably across re-
peated runs. Therefore, the paper emphasizes estimators
with well-understood properties, online variance estima-

tion, and mechanisms for diagnosing when approximation
is unsafe, such as under severe covariate shift or when
queries target extremely small populations. The frame-
work also accounts for the fact that many BI queries are
parameterized templates executed repeatedly, which en-
ables amortizing the cost of building semantic samples
and updating strata [8].

The remainder of the paper develops the technical
components of the framework. The next section formal-
izes the problem setting in the context of data lakes and
marketplace BI, introduces embedding-aware representa-
tions, and defines the query classes of interest. The fol-
lowing sections present semantic sampling strategies for
building and maintaining sample indexes, then introduce
vector-similarity guided stratification and budget alloca-
tion. Subsequent modeling develops estimators and error
quantification for aggregates and group-bys under seman-
tic stratification, including join-aware considerations. The
final technical section discusses system integration in a
lakehouse environment and examines practical trade-offs,
including drift handling and resource governance, before
concluding with implications and limitations [9].
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Figure 5: Adaptive loop for production Bl: telemetry and error signals drive drift detection, triggering index refresh and quota updates
so that semantic samples remain representative as marketplace behavior and catalog content evolve.
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Figure 6: Data-lake organization for marketplace analytics: raw behavioral and transactional sources are curated into conformed
entities, enriched with vector features, and served into Bl marts that support stratified sampling across high-variance segments (e.g.,

category, seller tier, traffic channel).

2. Problem Setting and Semantic
Representation in Data Lakes

A data lake for a marketplace can be modeled as a collec-
tion of datasets with heterogeneous schemas and formats.
Let the lake contain relations R1, Ro, . .., R,,, where each
relation may represent a fact table such as impressions or
orders, a dimension table such as product metadata, or a
log-derived table such as search sessions. Each relation
R consists of tuples x € Xpr with attributes that may
include numeric measures, categorical identifiers, times-
tamps, and text fields. Queries for BI often compute ag-
gregates over time windows and conditional filters, fre-
quently joining facts to dimensions. A generic query can
be viewed as producing an aggregate of a measure func-
tion g(z) over tuples that satisfy a predicate P(x), option-
ally grouped by keys h(x). In exact execution, the system
scans the relevant partitions, applies joins and filters, and
computes aggregates [10].

AQP aims to approximate such queries by evaluat-
ing them on a subset of tuples and scaling appropriately.
Classical sampling assumes that the predicate P is express-
ible over structured fields and that the distribution induced
by P is not too skewed relative to the sampling design.
In marketplace BI, predicates frequently include semantic
constraints, either explicitly, such as filtering products sim-
ilar to a seed item, or implicitly, such as filtering by an in-
tent cluster or risk score derived from a model. Even when
predicates are expressed as structured filters, the relevant
subpopulations are often semantically correlated with un-

structured fields, leading to hidden stratification that uni-
form sampling does not capture. For example, a filter on a
set of category identifiers may correspond to multiple se-
mantically distinct product clusters with different conver-
sion behaviors, and a filter on seller region may interact
with product semantics and logistics constraints [11].

To capture these interactions, the framework assumes
the existence of embedding functions that map tuples or
entities into a vector space. For a tuple z, let ¢(z) € R?
denote an embedding that summarizes the semantics rele-
vant to BI queries. In practice, ¢ may be composed from
multiple embeddings, such as a product embedding de-
rived from title and image, a user embedding derived from
behavior, and a context embedding derived from query in-
tent, concatenated or projected into a shared space. The
AQP layer does not require a specific model class, but it
requires that the embeddings satisfy a stability property:
semantically similar entities map to nearby vectors, and
the mapping is sufficiently smooth that neighborhoods
correspond to coherent subpopulations.

Queries that involve semantic concepts can also be
represented in the same space. A predicate P that selects
items similar to a seed s can be represented by a query
vector ¢ = ¢(s) and a similarity threshold. More general
predicates that involve multiple conditions can be embed-
ded by a function ¢)(P) that maps the predicate into R,
using, for example, a text encoder over the filter descrip-
tion or a learned mapping from structured constraints to
vectors. The representation is not assumed to be perfect;

Scientific Journals



Hanlin
Letters

na

Collection # Files M) Size (TB) Domain Coverage
Product Events 2.1 120 Clicks, views, cart actions
Transaction Logs 0.4 65 Orders, payments, refunds
Search Interactions 1.7 48 Queries, impressions, CTR
Catalog Snapshots 0.3 31 Listings, attributes, prices
Recommendation Traces 0.9 22 Served slots, feedback

Table 1: Data lake collections used in the e-commerce marketplace experiments.

Embedding Model Dimensionality Tokenizer Pretraining Source
prod-text-mini 128 BPE Product titles & categories
marketplace-sem-base 256 WordPiece Titles, queries, reviews
search-intent-large 384 SentencePiece Query—click pairs
hybrid-multi-modal 512 Dual-stream Text + image embeddings

Table 2: Semantic embedding models used for vector representation of data lake records.

rather, it is treated as a noisy but useful signal for allocat-
ing sampling effort [12].

The primary query class considered is aggregate
queries with optional group-by, potentially involving joins
between a large fact relation and smaller dimension rela-
tions. Let F' denote the fact relation with tuples z, and let
D denote a set of dimension relations. A joined tuple is
z = x X d where d aggregates the dimension attributes.
The measure function g(z) can represent revenue, units,
gross margin, conversion indicators, latency, or risk. The
predicate P(z) can include time constraints, structured
filters, and semantic similarity filters [13]. The goal is to
estimate aggregates such as

A= > gx)1{P(2)}, or

in embedding space must therefore include a strategy for
handling embedding drift without full recomputation.
The framework addresses these constraints by main-
taining semantic sample indexes that are partition-aligned
and embedding-aware, and by using vector-similarity guided
stratification that can adapt to query vectors even when
embeddings drift [15]. Semantic samples are designed to
preserve representation across embedding neighborhoods
and across rare strata defined by business-critical out-
comes. The stratification layer uses embedding clusters
and metadata-derived strata, and it allocates query-time
sampling effort based on similarity between the query
vector and stratum centroids or density estimates. The
design thus separates offline maintenance, which can be

_ 2.9 P (Z)}s_cheduled and governed, from online query-time alloca-

2z€EFXD

e))

For group-by queries, the aggregate is computed per group
key y = h(z), producing A, or j,. In dashboards, ana-
lysts often care about a subset of groups, such as top sell-
ers, key categories, or anomalous regions, but exploratory
workflows may request many groups at once.

The data lake setting imposes constraints on sam-
pling. Data is partitioned, often by time and sometimes by
high-level keys [14]. Maintaining a global sample must
respect partition boundaries to avoid expensive reshuffles.
Updates are continuous, so samples must be maintain-
able incrementally. Governance requires that sampling
not leak sensitive information and that it integrate with
access control. Finally, semantic embeddings may evolve
as models are retrained, which creates drift in the embed-
ding space. An AQP design that relies on fixed clusters

Zz 1{P(2)} tion, which must be fast and predictable.

An important subtlety is that many marketplace BI
metrics depend on joins where the join keys are stable but
the semantics are not. Product embeddings live on the
product dimension, while events live on fact tables [16].
The sampling design must ensure that when events are
sampled, the distribution of product embeddings among
sampled events remains representative of the join-induced
population under relevant predicates. This motivates join-
aware sampling where the sampling probability can de-
pend on the embedding of the joined dimension entity,
even if the sample is stored with the fact relation. The next
section develops semantic sampling strategies that imple-
ment these ideas while keeping maintenance feasible in a
data lake.

Scientific Journals



Hanlin
Letters

Kx

Strategy Strata Definition Similarity Signal Complexity
Random Uniform None None O(N) sampling
Schema-driven Partition + columns None O(NlogK)
Vector-kMeans Embedding clusters Cosine O(ITNK)
Hybrid Semantic ~ Schema + clusters ~ Cosine + Jaccard O(ITNK)
Table 3: Stratification strategies compared in the approximate query processing framework.
Method Rel. Error @p95 (%) Latency (s) Speedup vs Exact
Exact Scan (Presto) 0.0 41.8 1x
Random AQP 12.4 49 8.5
Schema-stratified AQP 9.7 5.3 7.9x
Vector-stratified AQP 6.1 4.1 10.2x
Semantic + Vector AQP 3.8 4.4 9.5x
Learned Synopsis AQP 5.5 3.7 11.3x

Table 4: Latency—accuracy trade-offs for approximate query processing methods over the Bl workload.

3. Semantic Sampling:
Embedding-Aware Sample Maintenance

Semantic sampling aims to maintain samples that pre-
serve structure in embedding space so that approximate
aggregates conditioned on semantic predicates have low
variance. A straightforward approach would be to cluster
all tuples by embeddings and maintain uniform samples
within each cluster [17]. In a data lake, this is expensive
because tuples arrive continuously, embeddings may be
computed asynchronously, and the clustering must be up-
dated under drift. Moreover, marketplace data exhibits
multi-scale structure: some regions of embedding space
are dense and stable, while others correspond to rapidly
changing trends, new products, or adversarial behavior. A
semantic sampling design must therefore be incremental,
robust, and sensitive to tail importance.

The framework models sampling as assigning each
tuple z an inclusion probability 7(z), potentially depen-
dent on its embedding ¢(z), its time partition, and aux-
iliary signals such as a measure proxy. The sample is
then drawn either as a Bernoulli sample or via reservoir-
style selection per partition [18]. For unbiased estimation
of sums, it suffices that 7(z) be known or estimable, en-
abling Horvitz—Thompson style estimators. In practice,
exact knowledge of 7(z) is feasible if sampling decisions
are made deterministically from a hash and a target rate
within strata. Semantic sampling thus focuses on defining
strata and rates that are embedding-aware.

A core idea is to define a semantic partition of em-
bedding space into regions C1,...,Ck, where each re-
gion corresponds to a cluster, a quantization cell, or a

locality-sensitive hashing bucket. Let ¢(z) denote the re-
gion assignment for tuple z. Within each region C}, the
sampling rate pj, can be chosen to balance storage and ac-
curacy [19]. If sampling is Bernoulli with rate p; within
region k, then 7(2) = p.(.). The challenge is to choose C,
and py, so that the sample supports a broad class of queries
while controlling worst-case error for tail segments.

Clustering-based regions can be derived from an of-
fline embedding index on dimension entities such as prod-
ucts and sellers. This is attractive because the number of
entities is smaller than the number of events, and because
entity embeddings are reused across many fact tuples via
joins. For example, a product embedding can be clustered
into K groups, and then each event tuple inherits the clus-
ter label of its product. This reduces the need to cluster
event embeddings directly and yields strata aligned with
stable entities [20]. The approach also supports schema
evolution: even if event schemas change, the product key
remains, and the embedding-based cluster can still be as-
signed.

However, clustering alone may not preserve rare out-
come regions that matter for BI, such as high revenue or-
ders, refunds, chargebacks, or policy violations. These
outcomes may not correspond to distinct embedding clus-
ters; they may be sparse within dense regions. To handle
this, semantic sampling can incorporate outcome-aware
oversampling. Let u(z) denote an auxiliary score corre-
lated with the magnitude or importance of g(z), such as
predicted revenue, predicted fraud risk, or a proxy like
price [21]. The sampling rate can depend on both region
and score, for instance via a piecewise schedule that in-
creases py for high-score tuples. While this introduces
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Configuration Q-Error (p50)

Q-Error (p95)

Description

No semantics, random 1.38
Schema-only 1.22
Vector-only 1.15
Semantic + vector 1.08
Semantic + vector + reweigh 1.05

2.94 Uniform sampling baseline
241 Partition-aware strata
2.03 Clustered on embeddings
1.74 Proposed hybrid method

1.61 Calibration via importance weights

Table 5: Ablation study isolating the impact of semantic sampling and vector-similarity guided stratification.

Sample Fraction Rel. Error @p95 (%)

Latency (s)

Observation

0.05% 11.9
0.10% 7.6
0.25% 4.1
0.50% 3.0
1.00% 2.1
2.00% 1.8

6.0
8.7 Close to exact scan behavior

1.9 Too noisy for tail KPIs

2.6 Acceptable for exploratory dashboards

34 Balanced trade-off for daily BI

4.2 Near-exact for top-line metrics
Marginal benefit, higher cost

Table 6: Effect of sample size on accuracy and latency for the hybrid semantic AQP engine.

unequal probabilities within regions, unbiased estimation
remains possible.

A practical design in data lakes is a two-tier semantic
sampling scheme. The first tier maintains a base sample
per partition and region at a modest rate, ensuring broad
coverage. The second tier maintains a targeted sample
for rare or high-impact events, selected via a higher rate
for tuples exceeding a score threshold or belonging to a
monitored cohort. The union of the tiers forms the sam-
ple store, and the inclusion probability is the complement
of the probability of being excluded from both tiers [22].
If tier decisions are independent conditional on tuple fea-
tures, 7(z) can be computed analytically; if they are imple-
mented as deterministic hash-based selections, 7(z) can
be encoded as metadata.

To formalize, suppose tuple z belongs to region k
and has score bin b. Define two inclusion decisions: a
base decision with probability p,(vo) and a boost decision
with probability p,(ell)) If decisions are independent, the
overall inclusion probability is

nz) = 1-(1-p")(1-p3). @
When implementing with deterministic hashing, péo) and

p,(cll)) correspond to thresholds on independent hash func-

tions. The sample store retains 7(z) or enough informa-
tion to reconstruct it.

Semantic sampling must handle time [23]. Market-
place BI queries are heavily time-windowed, and distri-
butional properties drift over time. If the sample is main-
tained per time partition, each partition can have its own se-
mantic regions and rates, but this complicates query-time
combination across partitions. Alternatively, regions can

be defined globally over dimension entities, while rates
can be partition-specific to reflect varying event volumes.
A hybrid approach clusters dimension embeddings glob-
ally, assigns region labels consistently, and then chooses
per-partition rates py ¢ to satisfy storage budgets and ac-
curacy targets. This retains semantic consistency while
accommodating temporal variation.

Incremental maintenance is essential [24]. New
products and sellers arrive and must be assigned to re-
gions. This can be done by nearest centroid assignment
in embedding space, which is fast and stable. If embed-
dings drift due to model retraining, centroids may shift.
The framework treats embedding versions as part of meta-
data and supports dual labeling during transitions: tuples
may carry both old and new region labels, enabling grad-
ual migration. A more lightweight strategy uses locality-
sensitive hashing, where region assignments are based on
random projections and are relatively stable under small
drift. Hash-based regions also simplify distributed compu-
tation because they avoid global clustering updates [25].

An additional constraint is join propagation. If events
in the fact table reference products, and sampling is per-
formed on events, the event inclusion probability may
need to depend on the product region. This can be im-
plemented by computing the product region label in the
dimension table and joining it into the fact table as a de-
rived column, either physically materialized or computed
during ingestion. Many lakehouse pipelines already de-
normalize such derived attributes for performance. The
semantic sampling layer thus becomes part of the inges-
tion pipeline, adding region labels and sampling flags [26].

While semantic sampling improves coverage for se-
mantically defined predicates, it does not by itself en-
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Index Type Key Parameters Build Time (min) Peak Memory (GB)
IVF-Flat 8k lists, nprobe=16 37 12.4
IVF-PQ 8k lists, M=16, 8 bits 29 7.9
HNSW M = 32, efConstruction=200 41 10.7
DiskANN Beam=4, L=128 53 5.1
Hybrid IVF+HNSW 4k lists, M = 24 46 9.3

Table 7: Vector index configurations for similarity-guided stratification over semantic embeddings.

Query Class Share of Workload Typical Filters Example Metric
Traffic overview 23% Country, device, channel Sessions per day
Funnel analysis 19% Step, campaign, platform  Checkout completion rate
Merchandising 17% Category, brand, price band  Gross merchandise value
Search quality 21% Query cluster, rank position Click-through rate
Experiment readouts 20% Treatment, cohort, horizon Lift in conversion rate

Table 8: Business intelligence workload mix used to evaluate the proposed approximate query engine.

sure low variance for a particular query. Queries vary
widely, and a sampling design optimized for one region
may waste effort for another. Therefore, the framework
complements offline semantic sampling with query-time
vector-similarity guided stratification, which selects and
weights strata based on the query vector. The next section
develops this query-time stratification and shows how it
can be layered on top of maintained semantic samples.

4. Vector-Similarity Guided
Stratification and Adaptive Allocation

Stratification reduces variance by partitioning the popula-
tion into strata that are internally homogeneous with re-
spect to the measure of interest and then sampling within
each stratum [27]. In the marketplace setting, homogene-
ity is often semantic: products with similar embeddings
may have similar conversion dynamics, price distributions,
or fulfillment constraints. Yet a static stratification that is
optimal for one measure may not be optimal for another,
and static strata may not align with arbitrary semantic pred-
icates. Vector-similarity guided stratification addresses
this by using embedding similarity between the query rep-
resentation and stratum representations to guide sampling
allocation.

Assume the lake maintains a semantic partition C1, . . .

over tuples or over dimension entities propagated to tuples.
For each stratum k, define a centroid vector ¢, € R? and
a weight W}, equal to the number of tuples in the stratum
within the relevant time window. At query time, a query
predicate P is mapped to a query vector ¢ = v (P) [28].
The similarity between g and stratum k is computed via a
function s(g, cx), such as cosine similarity. This similar-
ity is used in two related ways. It can define a soft rele-
vance score indicating how much the stratum is expected

to contribute to the query result, and it can approximate
the conditional variance within the stratum by indicating
how selective the predicate is within that stratum.

A typical semantic predicate is a similarity filter
selecting tuples whose embedding is near a query vec-
tor, such as selecting products similar to a seed. In that
case, strata near ¢ will have higher selectivity. Even when
the predicate is not a direct similarity filter, embeddings
can still correlate with predicate satisfaction because em-
beddings encode attributes relevant to the predicate [29].
Therefore, similarity provides a computationally cheap
proxy for selectivity and contribution.

To make this precise, let I(z) = 1{P(z)} denote
the predicate indicator. The stratum contribution to the
sum aggregate is Ay, = > . g(2)I(2). The total is
A = %, Ap. If the sample store contains tuples from
each stratum, the AQP engine can estimate Ay from the
sample and sum them. The query-time question is how
many sampled tuples to draw or scan from each stratum,
given a fixed budget n of sample tuples to process. If the
sample store is itself a fixed subset, the engine can choose
which strata to read more fully by selecting additional sam-
ple partitions or higher-rate tiers, or by drawing additional
tuples from a reservoir [30]. In many lakehouse contexts,
the sample store is partitioned by stratum and time, en-
"abling partial reads.

Classical optimal allocation for stratified sampling
under a fixed total sample size allocates sample counts
proportional to stratum weights and standard deviations.
If within stratum k the standard deviation of g(z)I(2) is
ok, the Neyman allocation sets ny o« Wyog. In prac-
tice, o is unknown and varies by query. Vector-similarity
guided stratification replaces oy, with a query-dependent
proxy 6 (g) derived from similarity and from cached stra-

Scientific Journals



Hanlin
Letters

na

Metric Baseline System  Proposed AQP Engine Change
Median dashboard latency (s) 18.4 3.2 5.7x faster
95th percentile latency (s) 41.8 7.1 5.9x faster
Daily ad-hoc queries served 3.1k 9.6k 3.1x more
Data scanned per query (TB) 2.7 0.21 12.9x reduction
Compute cost per 1k queries ($) 112 37 67% lower
BI analyst satisfaction score 3.4/5 4.6/5 +1.2 points

Table 9: End-to-end business impact of deploying semantic sampling based approximate query processing.

tum statistics. A simple proxy is 61 (q) = ax-7x(q), where
a, is a cached dispersion measure for g in stratum %k and
rr(q) is a relevance score computed from similarity.

One can define 7 (q) as a squashed similarity: [31]

exp(T - s(q, ck))
S exp(r - s(g,cj))

where 7 controls sharpness. This yields a distribution
over strata, focusing allocation on those most similar to
the query. Alternatively, 7, (g) can be calibrated using
historical queries by learning a mapping from similarity
to observed selectivity. If the system logs predicate sat-
isfaction rates per stratum for past queries, it can fit a
monotone function that predicts Pr[l = 1 | k, ¢ from
s(g, ck). The allocation can then reflect expected contri-
bution W;E[gI | k, g] and expected variance.

A more explicit model treats predicate satisfaction
as a function of distance in embedding space. Suppose
P includes a condition d(¢(z),q) < €, where d is a dis-
tance metric [32]. Within stratum k, the distribution of
@(2) can be approximated as a Gaussian around ¢ with
covariance Y. Then the selectivity is approximately the
probability mass of a ball around ¢, which depends on the
Mahalanobis distance (¢ —ci) " $; ' (g —cx). While exact
computation is complex, the similarity s(q, c) serves as
a surrogate. The framework does not require Gaussian as-
sumptions; it leverages similarity as a low-cost signal and
relies on online feedback to correct misallocations.

Given a budget n, the engine selects nj sample tu-
ples from each stratum, where n is computed as

re(q) = 3)

W6k (q)

nk = n- —,\
S Widj(q)

“4)

The term [, prevents starvation, ensuring each stratum re-
ceives some coverage for unbiasedness and for detecting
unexpected contributions [33]. In systems with a fixed
precomputed sample rather than on-demand selection, ny
can be interpreted as the number of sampled tuples to scan

from stratum k, possibly by scanning additional blocks un-
til n tuples are processed.

Vector-guided stratification also helps with group-
by. For a group key y, the distribution of y across strata
can be skewed. If the query requests aggregates for many
groups, the system must avoid missing groups that are con-
centrated in semantically distant strata. One strategy is to
allocate a base budget across all strata for broad coverage
and then allocate additional budget to strata similar to g to
improve precision for the most relevant groups [34]. An-
other strategy uses multiple query vectors when the predi-
cate includes multiple semantic components, such as a set
of seed products. In that case, 7(q) can be defined as the
maximum or average similarity over the set, or as a mix-
ture distribution.

A further complication is that many BI predicates in-
clude structured filters that are not well represented by em-
beddings, such as exact seller identifiers or region codes.
The framework treats such filters as restricting the set of
eligible strata or as modifying stratum weights W}, by ap-
plying the structured filter on stratum metadata. For ex-
ample, if strata are defined by product embeddings but the
query filters to a seller cohort, the engine can estimate the
fraction of each stratum belonging to the seller cohort us-
ing cached counts and adjust W}, accordingly [35]. This
is feasible because structured filters often correspond to
columns for which per-stratum histograms can be main-
tained.

The overall effect is that stratification becomes query-
adaptive without requiring per-query precomputation. The
engine uses a compact representation of strata, including
centroids and summary statistics, and computes alloca-

with  64(q) = ax - 7:(q) + ens from query vectors in milliseconds. The allocation

then guides which portions of the semantic sample store
to scan. The next section develops the estimation methods
that operate on the resulting stratified sample, focusing on
unbiasedness, variance estimation, and join-aware aggre-
gates.
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5. Estimators and Error Quantification
for Semantic Stratified AQP

An AQP system is judged not only by point estimates
but also by the credibility of its uncertainty quantification
[36]. In marketplace BI, decisions often depend on detect-
ing changes over time or differences between segments,
and analysts need to know whether an apparent change is
within noise. Therefore, the framework emphasizes esti-
mators whose properties can be reasoned about under the
sampling design and that admit practical variance estima-
tion even when stratification is guided by embeddings.
Consider estimating a sum aggregate A = Y, y(2),

where y(z) = ¢(2)1{P(z)} and U is the population of
joined tuples in the time window. Suppose the population
is partitioned into K strata C';, with sizes Nj. Within stra-
tum k, a sample S}, of size ny, is obtained, either by simple
random sampling without replacement from the stratum
population or by scanning a precomputed Bernoulli sam-
ple with inclusion probabilities. For clarity, first consider
simple random sampling without replacement within each
stratum [37]. The unbiased estimator of the stratum sum
is

Ay,

(&)

Y

ZGSk

= Ni-yr where

and the total estimator is A = > & flk. Under this design,
the variance of A is

where S7 is the finite-population variance of y in stratum
k. This expression motivates allocating nj, proportional to
N} Sk. Vector-similarity guided allocation approximates
this by using proxies for S, that depend on the query vec-
tor.

K 2
= Sonp(1- 1),

k=1

Var(A (6)

In data lakes, sampling is often Bernoulli with inclu-
sion probabilities 7(z), potentially varying across strata
and tiers [38]. In that case, an unbiased estimator for the
sum is the Horvitz—Thompson estimator

yZ
Z

)

zES

where S is the set of sampled tuples that satisfy the query-
time scan conditions. If the sample is stratified with con-
stant 7, within stratum k, then A;, = > zes, Y(2)/ Tk
This aligns with scaling the sample mean by N when
7 = ng/ Ni. Unequal probabilities arise under outcome-

aware oversampling; in that case, 7(z) varies within strata
and must be accounted for.

Variance estimation under Bernoulli sampling can
be obtained using standard unbiased or conservative esti-
mators. For independent Bernoulli draws, a common vari-

ance estimator is [39]

1—m(z)

Wy (3)

Var(d) = ()%,

z€S

which is unbiased when draws are independent. In par-
titioned data lakes, independence is often approximated
by hash-based decisions. When sampling uses reservoir
methods or sampling without replacement within blocks,
the variance formula changes, but block-level approxima-
tions can be used by treating blocks as primary sampling
units and applying cluster-robust estimators.

For ratio metrics such as averages and rates, the
estimator must handle the ratio of two sums. Let " =
>..y(z)and B = )" b(z), where b(z) = 1{P(z)} for
an average over qualifying tuples or b(z) = w(2)1{P(z)}
for weighted averages. The metricis § = T / B [40]. Us-
ing HorV1tz—Th0mpson estimators 7" and B, the plug-in
estimator = T' / Bis approximately unbiased for large

samples. Its variance can be approximated via a delta
method:
. 1 . 2 . T A A
Var(0) =~ ?Var(T) + @Var(B) - ﬁCOV(T,B).
©))

In stratified designs where 7" and B are estimated from
the same sampled tuples, the covariance term can substan-
tially reduce variance. The system can estimate these com-
ponents online using per-tuple contributions. Under inde-
pendent Bernoulli inclusion,

>

zeS

1—m(2)
m(2)?

Cov(T, B) y(2)b(z).  (10)

These expressions provide error bars that can be displayed
in BI dashboards, and they support comparisons between
segments by propagating uncertainty [41].

Group-by aggregates introduce multiple estimands
0,. A naive approach runs the above estimators per group,
but small groups can have few sampled tuples, yielding
unstable estimates and misleading variance estimates. Se-
mantic stratification helps because groups often align with
semantic clusters, but not always. The framework adopts
two stabilizing mechanisms. The first is a minimum ef-
fective sample size rule based on estimated B,: if B, is

10
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too small, the system either increases sampling budget for
strata that contain group y or marks the estimate as low-
confidence. The second is shrinkage for variance estima-
tion, where per-group variance estimates are smoothed to-
ward stratum-level variance estimates to reduce noise in
tails. This smoothing is performed in the uncertainty layer
rather than altering point estimates, maintaining unbiased-
ness while providing more stable intervals [42].

Join-aware estimation is critical. Many queries join
a large event fact table to a product dimension to filter by
product attributes or embeddings. If sampling occurs on
the fact table, the inclusion probability of an event may de-
pend on the product region. The Horvitz—Thompson esti-
mator remains valid as long as 7(z) reflects the inclusion
probability of the joined tuple. When the join is one-to-
many or many-to-many, such as joining sessions to mul-
tiple attributed intents, the population definition must be
clarified to avoid double counting [43]. In BI, these joins
are often defined with specific semantics, such as attribut-
ing an order to the last click. The sampling design must
follow the same semantics. If the join duplicates tuples,
the measure function g implicitly includes the attribution
weight, and the estimator applies to the expanded popula-
tion.

A related challenge arises when the semantic pred-
icate is evaluated using embeddings stored in a feature
store. If embeddings are missing for some tuples, the pred-
icate may treat them as non-qualifying or may impute de-
faults [44]. Missingness can bias estimates if correlated
with the measure. The framework treats missing embed-
dings as a separate stratum Cj with its own sampling rate
and statistics. This ensures that missingness is represented
in the sample and that its contribution is explicitly esti-
mated rather than silently excluded.

Vector-similarity guided allocation influences ny
and thus the variance, but it must not bias estimates. Bias
can occur if the allocation changes inclusion probabilities
in a way that is not accounted for [45]. The framework
avoids this by separating selection of which stored sample
tuples to scan from the sampling design that determines in-
clusion probabilities. If the sample store is precomputed
with known 7(z), then scanning a subset of the sample
store creates an additional stage of sampling. To preserve
unbiasedness, the second-stage selection must be incorpo-
rated. One approach is to treat scanned tuples as a sub-
sample of the stored sample with known scan probabil-
ity pi per stratum, yielding overall inclusion probability
7(2)pe(=)- The estimator then uses weights 1/(7(2) pe(z))-
In practice, pj, can be controlled by scanning a random sub-
set of sample files per stratum using hash selection. This

enables query-time budget allocation without sacrificing
unbiasedness.

When query-time selection is deterministic, such as
scanning the first nj, tuples in a stratum, unbiasedness can
fail due to ordering effects [46]. Therefore, the system
stores sample tuples in randomized order within stratum
partitions or uses random access selection via hashing.
Data lake storage formats can support this by writing sam-
ple data with shuffled ordering during compaction jobs.

Finally, error quantification must handle distribution
shift. Embeddings drift, product catalogs change, and sea-
sonal effects alter behavior. Variance estimates based on
within-stratum sample variance remain valid for the cur-
rent query execution but may be misleading if the sam-
ple store lags behind the population due to delayed inges-
tion [47]. The framework includes freshness metadata per
stratum and time partition and inflates uncertainty when
freshness is low. It also monitors discrepancies between
sample-derived selectivity predictions and observed selec-
tivity in scanned tuples, using these discrepancies to adjust
allocation and to flag queries where semantic similarity is
a poor proxy. With these estimation foundations, the next
section turns to system design and practical integration in
a lakehouse environment.

6. System Architecture, Integration, and
Operational Considerations

Deploying semantic AQP in a marketplace data lake re-
quires integration with ingestion pipelines, catalogs, fea-
ture stores, and query engines. The architecture can be
conceptualized as three layers: a semantic metadata layer
that provides embeddings and region assignments, a sam-
ple storage layer that maintains semantic samples aligned
with lake partitions, and a query-time AQP planner that
performs vector-guided allocation and estimation [48].
The semantic metadata layer exposes embedding
functions and versions. For entities such as products, sell-
ers, and queries, embeddings are computed by upstream
ML pipelines and stored in a feature store keyed by entity
identifiers and version. The AQP system requires access
to embeddings for assigning region labels and for com-
puting stratum centroids. For fact tuples, embeddings are
typically inherited via joins to entities, avoiding per-event
embedding computation. The metadata layer also stores
region definitions, such as cluster centroids or hash pro-
jection parameters, and maps each entity to a region la-
bel. This mapping can be materialized as an additional
column in dimension tables and propagated to fact tables
during ingestion or via late materialization at query time
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[49]. Materialization is often preferable for performance
because it enables partition pruning and reduces join cost
for region assignment.

The sample storage layer maintains sample tables
per fact relation and time partition. These sample tables
contain a subset of tuples along with sampling metadata in-
cluding stratum label, inclusion probability components,
and any required join keys. To support query-time se-
lective scanning by strata, the sample tables are physi-
cally partitioned or clustered by stratum label. In a lake-
house, this can be implemented by writing separate files
per stratum within each time partition, or by using clus-
tering features that colocate similar stratum labels [50].
Compaction jobs periodically rebalance file sizes and ran-
domize tuple ordering within files to support unbiased
subsampling during query-time scans.

Maintaining semantic samples incrementally involves
decisions about when to compute region labels and when
to apply sampling. A common ingestion pattern is append-
only writes to raw bronze tables followed by transforma-
tions into curated silver and gold tables. The sampling
layer can operate at the silver stage, where schemas are
stabilized and join keys are available. During this stage,
tuples receive region labels by joining to dimension tables
that contain region mappings, and sampling decisions are
applied using deterministic hashes [51]. The resulting
sampled tuples are written to sample tables. Because sam-
pling decisions are deterministic, late-arriving data can
be sampled consistently without changing prior inclusion
probabilities.

Operationally, the system must allocate a storage
budget for sample tables. Semantic sampling with multi-
ple tiers increases storage, but the budget can be controlled
by choosing base rates and boost rates. The system mon-
itors per-stratum volumes and can adjust rates over time
to maintain budget, treating rate changes as a versioned
policy [52]. When rates change, inclusion probabilities
for new data change, but estimators remain valid as long
as m(z) is stored per tuple or reconstructible from policy
versions. For queries spanning long time windows, the es-
timator naturally combines tuples with different 7 values.

The query-time AQP planner integrates with the
SQL engine or BI layer. When a query is submitted, the
planner determines whether it is eligible for AQP, based
on query type, required accuracy, and governance policies.
For eligible queries, the planner rewrites the query to op-
erate on sample tables and to apply appropriate weighting.
For example, a sum aggregate becomes a weighted sum
over sampled tuples, and filters and joins are applied as
usual [53]. If the query includes semantic similarity pred-

icates, the planner computes the query vector ¢ and uses
it to compute relevance scores r(q) over strata. It then
chooses scan probabilities pj, or scan budgets ny, per stra-
tum, subject to a latency or cost budget. This information
is passed to the execution engine as constraints, such as
selecting a random subset of files per stratum or limiting
scanned rows via sampling functions.

A critical concern is that BI workloads often involve
many concurrent queries, and the AQP system must avoid
creating unpredictable load. Vector-guided allocation can
concentrate scanning on a few strata, which is efficient for
single queries but can create hotspots if many queries tar-
get similar regions, such as during a trending event [54].
The architecture therefore includes a resource governor
that caps per-stratum concurrent scan throughput and falls
back to broader scanning when hotspots occur. This can
slightly increase variance but improves system stability.
The governor can also cache intermediate results for re-
peated queries, such as stratum-level summaries that can
be reused across dashboards.

Embedding drift and region maintenance are ongo-
ing operations. When embeddings are retrained, region
assignments can change [55]. The system treats region
definitions as versioned artifacts and can support coexist-
ing versions. During a transition period, new tuples are
labeled with the new version while old tuples retain old
labels. The AQP planner can either operate within a sin-
gle version for a given query window or map between ver-
sions by maintaining a correspondence between old and
new regions, such as via nearest centroid mapping. A con-
servative approach is to base stratification on stable hash-
based regions that are less sensitive to drift, while using
centroids for similarity scoring. This reduces maintenance
cost at the expense of slightly less coherent strata.

Another operational issue is semantic coverage for
new entities [56]. Cold-start products and sellers may have
embeddings that are low quality or missing. The system
isolates these cases into explicit strata and may oversam-
ple them to ensure visibility. For BI, cold-start segments
can be important, such as monitoring onboarding success
for new sellers. Semantic sampling thus aligns with oper-
ational needs beyond AQP.

Governance and privacy constraints must be respected
[57]. Sample tables are derived data and must inherit ac-
cess controls. If the lake enforces row-level or column-
level security, the sample tables must be secured similarly.
Weighted estimation must not leak sensitive information
through small strata. The system can enforce minimum ag-
gregation thresholds, suppressing or coarsening results for
groups with low effective population sizes. Because AQP
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can increase the risk of disclosure if it enables inference
from small samples, the system may require differential
privacy mechanisms in certain contexts [58]. The frame-
work described here does not assume differential privacy,
but it is compatible with adding noise calibrated to sensi-
tivity after computing weighted aggregates, provided that
the noise is accounted for in uncertainty reporting.

Finally, the system must interact with exact compu-
tation. Some queries require exact answers, and some ap-
proximate results may be flagged as low confidence. The
architecture supports hybrid execution where the AQP en-
gine produces an approximate answer quickly and then op-
tionally triggers an exact computation path if required by
policy. Within this paper, the focus remains on the AQP
path, but in practice, coexistence with exact pipelines im-
proves analyst trust by enabling spot checks and by provid-
ing ground truth for calibration of similarity-based alloca-
tion.

With architecture in place, the effectiveness of the
approach depends on empirical trade-offs: how much vari-
ance reduction semantic stratification yields, how robust
similarity proxies are across query types, and how mainte-
nance cost scales [59]. The next section synthesizes these
considerations in an evaluation-oriented discussion, focus-
ing on marketplace-relevant scenarios and on the mecha-
nisms by which semantic sampling and vector-guided al-
location improve accuracy per unit cost.

7. Evaluation Considerations and
Marketplace-Oriented Analysis

Assessing semantic AQP for marketplace Bl requires eval-
uating both statistical efficiency and operational efficiency.
Statistical efficiency concerns how much error decreases
for a fixed scanned sample size, especially for semanti-
cally filtered queries and long-tail segments. Operational
efficiency concerns ingestion overhead, sample storage
cost, query planning overhead, and runtime predictabil-
ity. While specific numeric results depend on datasets
and implementation details, the evaluation can be struc-
tured around representative workloads and measurable
outcomes [60].

A representative workload includes dashboard-style
aggregates such as gross merchandise value, units, conver-
sion rate, and refund rate, sliced by dimensions like cate-
gory, brand, seller tier, region, and fulfillment method. It
also includes exploratory queries such as identifying cate-
gories with unusual conversion drop for products similar
to a seed item, measuring the performance of semantically
defined cohorts such as eco-friendly products inferred

from text, and monitoring risk metrics for clusters of list-
ings similar to known policy violations. These queries
stress semantic predicates and require reliable estimation
in the tail.

The baseline comparisons typically include uniform
sampling of the fact table, stratified sampling by common
structured keys such as category or region, and potentially
stratified sampling by hash buckets unrelated to seman-
tics. Uniform sampling tends to provide stable estimates
for head segments but can have high relative error for tail
segments and for predicates that select semantically co-
herent but small subsets [61]. Key-based stratification can
improve accuracy when the key aligns with the predicate,
but it often fails when semantic concepts cut across keys
or when keys are noisy due to catalog inconsistencies. Se-
mantic sampling aims to improve coverage for semantic
predicates by aligning strata with embedding neighbor-
hoods that capture latent attributes.

Variance reduction can be analyzed through the lens
of within-stratum homogeneity. If the measure y(z) varies
smoothly in embedding space, then clustering by embed-
dings reduces within-stratum variance S7 compared to ar-
bitrary partitions. For a fixed sample budget, this reduces
Var(fl). The extent of improvement depends on how well
embeddings capture the factors that drive y [62]. In mar-
ketplaces, embeddings trained for retrieval and recommen-
dation often capture product similarity and intent similar-
ity, which correlate with conversion patterns and price dis-
tributions, though not perfectly. Therefore, improvements
are expected to be strongest for measures that are seman-
tically driven, such as conversion rate, add-to-cart rate,
or relevance-driven engagement, and weaker for measures
dominated by operational constraints unrelated to seman-
tics, such as carrier delays driven by weather.

Vector-similarity guided allocation further improves
efficiency by concentrating sampling on relevant strata for
a given query. The mechanism is especially beneficial
when the predicate induces strong selectivity that varies
across strata. For example, a query selecting products sim-
ilar to a seed will concentrate qualifying tuples in strata
near the seed in embedding space. Uniform allocation
across strata wastes budget on irrelevant strata with near-
zero selectivity, increasing variance because the effective
sample size for qualifying tuples is small [63]. Similarity-
guided allocation increases the effective sample size by
scanning more from relevant strata, thus reducing variance
of T'and B in ratio metrics. The benefit depends on the cal-
ibration of similarity to selectivity. If similarity is poorly
correlated with selectivity for a predicate, allocation may
misfire. The framework mitigates this by maintaining a
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nonzero base allocation and by using online feedback to
adjust.

Tail behavior is central [64]. Consider estimating re-
fund rate for a niche cluster of products, where the denom-
inator is small and the numerator even smaller. Uniform
sampling may yield zero observed refunds, producing a
point estimate of zero with misleading confidence if vari-
ance estimation is naive. Semantic oversampling of high-
risk or high-value outcomes increases the chance of ob-
serving relevant events, while maintaining unbiasedness
through weighting. Embedding-aware strata also help be-
cause niche clusters correspond to localized regions, mak-
ing it feasible to allocate more sampling to those regions
when queries target them. In contrast, key-based stratifi-
cation may not isolate the niche cluster if categories are
broad [65].

Group-by queries can be evaluated by measuring er-
ror distribution across groups. A key metric is the frac-
tion of groups whose relative error falls below a threshold.
Semantic sampling is expected to reduce the number of
groups with extreme errors by improving representation of
rare groups that occupy distinct semantic regions. Vector-
guided allocation can further improve accuracy for groups
relevant to a query, but it can also reduce accuracy for un-
related groups if budget is too concentrated. This trade-off
is acceptable in interactive exploration when the analyst
focuses on a semantic cohort, but it is less acceptable for
global dashboards. Therefore, evaluation should separate
cohort-focused queries from global queries and measure
the impact of allocation policies [66]. A balanced policy
maintains global coverage while enabling targeted refine-
ment.

Join effects can be evaluated by comparing queries
executed on denormalized tables versus join-based execu-
tion. If semantic region labels are propagated correctly,
sampling on the fact table should match sampling on the
joined population. Discrepancies arise when dimension
attributes are missing or when join keys are inconsistent.
Semantic sampling can sometimes mask data quality is-
sues by smoothing across embeddings, which is useful
for BI robustness but can also hide anomalies [67]. Eval-
uation should therefore include data quality stress tests,
such as missing embeddings, incorrect category labels,
and rapidly changing catalogs.

Operationally, ingestion overhead is measured by the
added cost of computing region labels and sampling deci-
sions. If region labels are computed via joins to a dimen-
sion mapping table, the overhead is proportional to join
cost, which is often already incurred for enrichment. Sam-
pling decisions via hashing are negligible. The main over-

head is writing sample tables and maintaining their par-
titioning [68]. Compaction and clustering jobs add cost
but can be scheduled during low-traffic periods. Storage
overhead is measured as the ratio of sample table size to
base table size, controlled by sampling rates. For many
BI workloads, a sample size of a few percent can yield
substantial speedups, but the optimal rate depends on re-
quired accuracy and on query diversity.

Query planning overhead includes computing query
vectors and relevance scores across K strata. If K is large,
naive computation is expensive [69]. The system can ac-
celerate by indexing centroids in an approximate nearest
neighbor structure and computing relevance over only the
top similar strata, with a background mass assigned to
the rest via the base allocation. This reduces planning
latency and avoids scanning many irrelevant strata. The
approximation affects allocation but not unbiasedness if
scan probabilities are accounted for; it affects variance by
potentially missing moderately relevant strata. Evaluation
should measure sensitivity to the number of considered
strata.

Predictability is crucial for BI. AQP should reduce
latency without causing large variance in runtime [70].
Vector-guided allocation can create runtime variability if
it chooses to scan many strata for some queries and few
for others. The resource governor and budget constraints
mitigate this by bounding scan volume. Evaluation should
measure tail latencies and how often the system falls back
to broader scanning due to hotspots. It should also mea-
sure stability of approximate answers across repeated ex-
ecutions, which can be improved by using deterministic
subsampling within strata, though that must be balanced
against unbiasedness and against the need for independent
samples when estimating uncertainty.

A final evaluation axis is robustness under drift [71].
Marketplace behavior shifts with seasonality, promotions,
and external events. Embeddings retrain and change. Se-
mantic stratification must remain useful under these shifts.
Evaluation can simulate drift by training embeddings on
one period and applying them to later periods, measur-
ing how variance reduction degrades. The dual-version
labeling strategy can be evaluated by comparing transition
smoothness, examining whether estimates remain consis-
tent across version boundaries [72]. The system’s online
calibration can be evaluated by measuring how quickly it
adapts allocation when similarity-selectivity relationships
change.

These evaluation considerations collectively indi-
cate where semantic sampling and vector-similarity guided
stratification are most valuable. They are particularly
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suited to workloads where semantic predicates are com-
mon, where tail segments matter, and where embeddings
are already part of the marketplace stack. They may be
less beneficial for purely structured queries over stable
low-cardinality dimensions, where classical stratification
suffices, or when embeddings are low quality for the do-
main in question. The concluding section summarizes
implications, limitations, and directions for refinement
within the constraints of data lake operations.

8. Conclusion

Approximate query processing in marketplace data lakes
must contend with semantic heterogeneity, high cardinal-
ity, and long-tail decision relevance [73]. AQP designs
that treat the data lake as a purely structured relational
store often struggle because the subpopulations that mat-
ter are frequently defined by latent semantic concepts ex-
pressed through text, images, and behavioral signals, and
because these concepts evolve over time. The framework
developed in this paper addresses these realities by com-
bining semantic sampling with vector-similarity guided
stratification. Semantic sampling maintains embedding-
aware samples that preserve representation across seman-
tic neighborhoods and rare but impactful outcome regions,
enabling approximate answers for a broad class of BI ag-
gregates without requiring enumerating all possible seg-
ment combinations. Vector-similarity guided stratifica-
tion complements this by using query representations in
embedding space to allocate query-time sampling effort
toward strata most relevant to the predicate, improving ef-
fective sample size and reducing variance for semantically
filtered queries.

The technical development highlights how unbiased
estimation can be retained under embedding-aware de-
signs by tracking inclusion probabilities and, when query-
time scanning selects subsets of stored samples, incorpo-
rating second-stage scan probabilities [74]. Stratified and
Horvitz—Thompson estimators provide a foundation for
sums and ratios, while online variance estimation supports
uncertainty reporting in dashboards. The framework also
emphasizes join-aware considerations, recognizing that
many semantic attributes live on dimension entities and
must be propagated to facts for efficient sampling and strat-
ification. Operational integration in lakehouse settings
is feasible through partition-aligned sample tables, ver-
sioned region definitions, and incremental maintenance
that leverages existing enrichment pipelines.

Limitations remain. Embedding similarity is an im-
perfect proxy for query selectivity and variance, and its

usefulness varies across measures and domains [75]. Al-
location policies must balance targeted refinement with
broad coverage to avoid degrading accuracy for unrelated
groups in global dashboards. Embedding drift and miss-
ingness require explicit handling to avoid silent bias. More-
over, governance constraints can restrict sampling and
approximate reporting in sensitive contexts, motivating
additional protections such as thresholding and, where re-
quired, privacy-preserving noise addition. Within these
constraints, semantic AQP is best viewed as a pragmatic
layer that complements exact computation, improving la-
tency and interactivity for many BI workloads while pro-
viding mechanisms to detect when approximation is unre-
liable.

Future refinements can focus on learning better similarity-

to-selectivity calibrations from query logs, incorporating
multi-modal embeddings and uncertainty in embeddings
themselves, and designing adaptive maintenance policies
that allocate sampling storage to strata based on observed
query demand and business impact. The broader impli-
cation is that as data lakes increasingly incorporate se-
mantic representations as first-class metadata, AQP can
exploit this structure to move beyond key-based sampling,
yielding approximate analytics that better align with the
semantic nature of marketplace decision making [76].
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