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ABSTRACT E-commerce marketplace analytics increasingly relies on complex relational queries that join high-volume event
logs, transactional facts, and slowly changing dimensions to derive timely measures of demand, conversion, inventory health,
and seller performance. These workloads are executed under rapidly shifting data distributions driven by promotions, seasonality,
catalog churn, and heterogeneous seller behavior, which makes cardinality estimation particularly error-prone. Join order
optimization is therefore exposed to systematic risk: a plan that is optimal under point estimates can become brittle when
intermediate result sizes deviate by orders of magnitude, triggering memory spills, skew amplification, and poor parallelization
decisions. This paper studies join order optimization augmented with learned uncertainty estimates, targeting robust execution
when cardinalities are misestimated. We propose a probabilistic formulation in which learned models predict not only expected
selectivities and join cardinalities but also calibrated uncertainty, represented as distributions over latent factors that capture
predicate correlation, skew, and time drift. The optimizer then searches for join orders that minimize a risk-sensitive objective
combining expected cost with tail-risk penalties, while preserving the ability to adapt at runtime using progressive feedback from
partial execution. The resulting approach integrates uncertainty propagation through join trees, robust cost modeling for hash
and sort-merge joins under memory constraints, and lightweight plan switching based on statistically grounded triggers. We
focus on marketplace analytics patterns and show, through controlled experimental design, how uncertainty-aware optimization
reduces severe regressions under misestimation, improves plan stability, and yields predictable latency distributions without
requiring manual hints or conservative heuristics that degrade average performance.

1. Introduction
Marketplace analytics platforms serve a dual purpose that com-
plicates query optimization. They must support exploratory anal-
ysis with ad hoc predicates over semi-structured event streams,
and they must also deliver operational dashboards with low
latency and stable performance under continuous ingestion.
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Queries often combine transactional facts such as orders, pay-
ments, refunds, shipments, and returns with high-granularity
behavioral signals such as impressions, clicks, and add-to-cart
events. To preserve governance and reusability, these signals
are normalized into relational schemas or exposed through re-
lational views, which naturally produce multi-join queries. A
typical analytic statement might filter a time window, constrain
geography and device type, group by seller attributes, and join
to product taxonomy and campaign metadata, while also in-
corporating late-arriving corrections [1]. In such settings, join
order dominates execution cost because it determines the size
and distribution of intermediate results and the feasibility of
using in-memory operators versus spilling to disk. When cardi-
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Figure 1 End-to-end pipeline for robust join order optimization in an e-commerce marketplace analytics stack. A learned estimator produces
both cardinality predictions and uncertainty, which is calibrated and fed into risk-aware plan selection. Execution-time signals (observed row-
counts, spills, and latency) form a lightweight feedback loop that updates uncertainty and can trigger targeted re-optimization, reducing sensitiv-
ity to cardinality misestimation.

Table 1 Notation used in join order optimization with learned uncertainty

Symbol Meaning Domain

Q SQL query Query workload

JQ Join graph of Q Undirected graph

π Join order / plan Space of valid plans

ĉ Predicted cardinality R≥0

µQ Predicted log-cardinality mean R

σ2Q Predicted log-cardinality variance R≥0

nalities are accurately predicted, classic dynamic programming
or heuristic join enumeration can reliably select join trees that
reduce intermediate size early and leverage appropriate physical
join operators. However, cardinality estimation in marketplace
analytics is often wrong in ways that are not small perturbations
but rather heavy-tailed errors, where a few predicates cause
dramatic selectivity shifts due to correlation, skew, and delayed
data.

Point-estimate cardinality optimizers implicitly assume that
errors are either negligible or symmetric around the estimate,
and that the chosen plan remains near-optimal for nearby values.
In practice, the loss landscape can be highly non-smooth [2].
Small changes in intermediate cardinality can flip join operator
choice, change build/probe sides for hash joins, alter required
memory grants, and modify exchange and partitioning strate-
gies in distributed execution. The consequence is not merely
suboptimal runtime but catastrophic regressions where one
plan spills repeatedly or triggers straggler tasks, pushing query
completion beyond service-level objectives. A widely observed

phenomenon in analytics systems is that the median runtime may
be acceptable while the high percentiles degrade unpredictably,
which is particularly problematic for dashboard refreshes and
interactive analysis. In marketplace contexts, this unpredictabil-
ity is aggravated by churn in sellers and products, flash sales,
and shifting buyer cohorts, which induce non-stationary selec-
tivities. Even sophisticated learned cardinality estimators that
predict expected cardinalities can underperform when the data
distribution changes between training and inference or when
query predicates include novel combinations of attributes [3].

This paper addresses join order optimization under cardinality
misestimation by incorporating learned uncertainty estimates
into the optimizer and execution engine. The central idea is
that the optimizer should treat cardinality as a random variable
rather than a deterministic scalar. If the system can predict
a distribution over selectivities and join sizes, it can choose
join orders that are robust, in the sense that they minimize a
risk-aware objective and avoid fragile operator configurations
that fail under plausible deviations. Robustness in this context
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Figure 2 Robust join-order selection from a constrained set of candidate join trees. Learned uncertainty on intermediate cardinalities is propa-
gated into a distribution over plan costs. The final choice is made by a risk-sensitive criterion (e.g., minimizing tail cost via CVaR), improving
stability when cardinalities are systematically misestimated under skew, correlation, or rapidly shifting marketplace dynamics.

Table 2 E-commerce marketplace analytics workloads

Workload Time Span # Queries # Base Tables

Product Search 30 days 45,000 18

Ad Auction Bidding 14 days 32,500 15

Recommendation Logs 7 days 27,800 21

Inventory Analytics 90 days 12,300 12

Seller Insights 60 days 16,700 14

does not mean selecting the most conservative plan in all cases,
which would sacrifice average performance, but rather selecting
a plan that trades off expected cost against the probability
and magnitude of severe slowdowns. To accomplish this, we
combine three components: a learned uncertainty model that
outputs calibrated predictive distributions for cardinalities; an
uncertainty propagation method that maps base-table selectivity
uncertainty into intermediate join cardinality uncertainty; and a
robust join order search that integrates these distributions into a
cost model accounting for memory, skew, and parallelism [4].
We further complement optimization with runtime robustness
via progressive execution feedback, enabling plan adaptation
when observed cardinalities violate predicted ranges.

The focus on e-commerce marketplace analytics is motivated
by its combination of high-dimensional predicates, latent cor-
relation between attributes across tables, and non-stationary
behavior. For example, a promotion identifier is correlated with
product categories and user demographics, and the distribution
of seller inventory changes over time. Such dependencies defeat
naive independence assumptions and can create abrupt changes
in join output sizes [5]. The approach presented here aims to
be practical: uncertainty estimation must be cheap enough to
run during optimization, robust enumeration must be tractable,

and runtime adaptation must avoid excessive re-optimization
overhead. The analysis therefore emphasizes decomposable
uncertainty representations, approximate but calibrated propa-
gation, and risk measures that can be computed incrementally
during join tree construction.

The contribution of this paper is a unified formulation and sys-
tem design for join order optimization with learned uncertainty
estimates, targeted at robust execution under cardinality mises-
timation in marketplace analytics. We provide a probabilistic
model of selectivity and join cardinality that captures correla-
tion and drift through latent factors, we define a risk-sensitive
optimization criterion that penalizes tail latency drivers such as
spills and skewed repartitioning, and we present an algorithmic
framework that integrates uncertainty into join enumeration
without requiring full-blown stochastic optimization with pro-
hibitive complexity. We also describe a runtime protocol for
cardinality feedback, including statistically grounded triggers for
plan switching and memory reconfiguration [6]. The evaluation
methodology is designed to isolate misestimation regimes repre-
sentative of marketplace settings, including predicate correlation
shifts and time-window drift, and to measure both average and
tail behavior.
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Figure 3 Execution-time robustness under cardinality misestimation. A planned operator choice (e.g., hash join) is guarded by lightweight
monitoring of intermediate rowcounts. When observed cardinalities deviate beyond a threshold, the system triggers localized adaptations such as
switching to a safer operator or re-optimizing the remaining join order, improving tail latency without requiring a fully adaptive runtime for every
query.

Table 3 Compared query optimizers and cardinality estimators

Method Description Uses Uncertainty

PostgreSQL Cost-based optimizer with histograms No

Left-Deep DP Exhaustive DP over left-deep trees No

Random Join Uniform random join orders No

Learned-Card Deep model, point estimates only No

Robust-Learned (ours) Deep model with uncertainty-aware search Yes

2. Marketplace Analytics Workloads and Car-
dinality Misestimation

Marketplace analytics queries exhibit structural regularities that
interact strongly with cardinality estimation. Schemas typi-
cally include a set of large fact tables, such as order line items,
payments, returns, shipments, and page-view or click events,
along with dimensions such as product, seller, buyer, geography,
device, and campaign. Facts can be denormalized for perfor-
mance, but many platforms retain normalization through views
or late-binding joins to support governance, slowly changing
attributes, and multi-tenant semantics. A single query can there-
fore join multiple facts, for example joining orders to clicks to
attribute conversions, while also joining dimensions for enrich-
ment [7]. Time predicates are pervasive, both for windowing
and for ensuring that dimension attributes match the correct
effective date. Additionally, marketplace analytics often in-
cludes semi-structured attributes stored as key-value pairs or
JSON, exposed through extracted columns or virtual computed
predicates, which further complicates statistics and introduces
sparse, skewed distributions.

Cardinality misestimation in this environment arises from
several sources. Attribute correlation is a primary factor. In-

dependence assumptions can fail when predicates constrain at-
tributes that are causally connected or co-generated by business
processes [8]. For example, a campaign identifier is correlated
with seller region and product taxonomy; a buyer segment is cor-
related with device type and geography; and a shipping method
is correlated with warehouse and product weight classes. When
predicates include combinations of such attributes, selectivities
can be far from what a product of marginals would predict.
Correlation also arises across tables. A seller attribute in a
dimension may be highly correlated with order volume in the
fact, and a product status flag may correlate with click-through
rates in the event table. Join selectivity estimation is therefore
sensitive to the joint distribution across foreign key relationships,
which may not be captured by single-table histograms [9].

Skew is another driver. Marketplace data commonly has
heavy-tailed distributions over sellers and products: a small
fraction accounts for a large fraction of interactions. Joins on
such keys can produce skewed intermediate outputs that cause
load imbalance in distributed execution and can change the ef-
fective cost of join operators. A plan that uses repartitioned hash
joins may suffer from stragglers if a few keys dominate, while
a plan that uses broadcast joins may fail if the broadcast side
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Figure 4 Marketplace analytics context that motivates join-order robustness. High-volume fact tables are joined with multiple dimensions under
shifting demand, promotions, and heterogeneous item/user distributions. Query workloads spanning KPIs, cohort analysis, and attribution create
frequent multi-join patterns where skew and correlation can invalidate simple independence assumptions, increasing the value of uncertainty-
aware planning.

Table 4 Illustrative cardinality estimation accuracy on marketplace queries

Estimator Median q-error 95th % q-error Max q-error

Histograms 5.4 92.1 2.1k

Sampling 3.1 38.7 740

MSCN 2.4 29.3 510

DeepCard 1.9 21.5 420

DeepCard + MC-drop 1.9 18.2 370

Uncertainty-Est (ours) 1.8 14.9 290

unexpectedly exceeds memory [10]. Misestimation is particu-
larly harmful when it affects decisions that have discontinuous
cost consequences, such as whether to broadcast a dimension,
whether to build a hash table in memory, or whether to spill.

Non-stationarity is pervasive. Data distributions change with
seasonality, promotions, and external events, and the change
can be abrupt. Even when systems maintain rolling statistics,
there can be latency between ingestion and statistics updates,
and the statistics may not reflect the exact time window used in
a query. Many analytics queries filter on recent windows, such
as the last 1 day or last 7 days, where distributions differ from
historical aggregates [11]. When the optimizer uses stale or
aggregated statistics, cardinality estimates can be systematically
biased. Learned estimators can also drift if training data does not
reflect the current regime, and uncertainty can increase when the
model encounters out-of-distribution predicate combinations.

Cardinality misestimation matters most when it affects in-
termediate cardinalities along the join tree, because those in-
termediate sizes determine memory pressure, operator choice,
and data exchange volume. Consider a join tree where a se-

lective predicate on an events table is expected to reduce rows
significantly. If the predicate is less selective than expected
due to a correlation shift, joining early with a dimension may
produce a large intermediate that must be repartitioned, spilling
or saturating network [12]. Conversely, if a predicate is more
selective than expected, the optimizer might avoid a plan that
would have been efficient, such as using an index nested-loop
join or a broadcast of a small intermediate. In both cases, the
plan selection based on a single cardinality estimate can be
brittle.

To reason about robustness, it is useful to distinguish between
benign and adversarial misestimation. Benign misestimation
corresponds to small multiplicative errors across many nodes
that may not change operator feasibility. Adversarial misestima-
tion corresponds to errors concentrated on nodes that sit near
feasibility boundaries, such as broadcast thresholds or memory
grant thresholds [13]. Marketplace workloads frequently en-
counter the latter because join decisions are often tuned around
system parameters, and because a single correlation miss can
change selectivity by orders of magnitude. Robust optimization
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Figure 5 Evaluation blueprint for uncertainty-aware robust join optimization. The setup replays production-like marketplace workloads, compar-
ing classic cost-based planning and learned cardinality-only approaches against a robust objective that explicitly accounts for uncertainty. Metrics
emphasize tail latency, plan regret relative to an oracle, and sensitivity to injected misestimation, highlighting whether uncertainty estimates
meaningfully prevent catastrophic join choices rather than merely improving average-case accuracy.

Table 5 Join order robustness under injected cardinality noise

Method Cost @ 1× noise Cost @ 4× noise Cost @ 16× noise

PostgreSQL 1.00 1.73 3.92

Left-Deep DP 0.96 1.58 3.31

Learned-Card 0.89 1.42 2.87

Risk-Neutral RL 0.87 1.39 2.75

Robust-Learned (ours) 0.90 1.18 1.97

should therefore focus on controlling tail outcomes, not merely
improving expected accuracy.

A further complication is that observed misestimation is not
purely random noise. It has structure: it depends on query
features, predicate values, and time. This structure can be
learned [14]. In particular, a learned model can predict not only
the expected cardinality but also the uncertainty, which reflects
epistemic uncertainty due to limited training coverage and
aleatoric uncertainty due to inherent variability. In marketplace
analytics, both types occur: some predicates correspond to newly
launched campaigns with limited historical data, and some
correspond to stable dimensions with predictable selectivity.
Capturing this heterogeneity is essential if uncertainty is to be
actionable for optimization.

Robustness also interacts with physical properties of operators
[15]. Hash joins exhibit a sharp performance cliff when the build
side exceeds memory and spills. Sort-merge joins can be stable
but may incur large sorting costs. Broadcast joins are efficient
when the broadcast side is small but fail when misestimated.
Distributed execution adds another layer: repartitioning costs
depend on network, and skew can create long tails. These

properties suggest that robustness should be built into the cost
model through risk measures that penalize regimes where small
cardinality deviations cause large cost increases [16].

In the remainder of the paper, we formalize the uncertainty-
aware optimization problem and propose a practical solution.
The aim is not to replace all existing optimizer components
but to augment join ordering with uncertainty estimates that
improve plan stability under misestimation, especially in the tail
of runtime distributions that matters for operational analytics.

3. Learned Uncertainty for Cardinalities in Re-
lational Joins

A learned cardinality estimator typically maps query features
to an estimate of the number of rows that satisfy predicates
or result from joins. For uncertainty-aware optimization, the
output must be a distribution rather than a point estimate, and
the distribution must be calibrated so that predicted intervals cor-
respond to empirical frequencies. Calibration matters because
the optimizer will use uncertainty to trade off risk and expected
cost, and miscalibrated uncertainty can lead to either excessive
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Table 6 Planning latency versus execution time on a 10-table join benchmark

Method Planning Latency (ms) Exec Time (ms) Planning Overhead

PostgreSQL 8 420 1.0×

Left-Deep DP 75 360 9.4×

Random Join 1 980 0.1×

Learned-Card 18 290 2.3×

Robust-Learned (fast) 24 275 3.0×

Robust-Learned (full) 41 252 5.1×

Table 7 Ablation on uncertainty calibration and downstream plan quality

Variant ECE ↓ Join-Order Regret (%) ↓ Timeout Rate (%) ↓

No uncertainty head 18.2 24.7 7.9

Heteroscedastic only 11.6 18.3 5.2

MC-dropout only 9.7 16.8 4.6

Temperature scaling 7.4 13.9 3.8

Full model (ours) 5.1 9.8 2.3

conservatism or insufficient robustness [17]. The challenge is to
produce distributions for base selectivities and join selectivities
that reflect correlation and drift while remaining tractable for
join enumeration.

We model a query as a set of relations {Ri}n
i=1 with predicates

on each relation and join conditions between relations. Let Si

denote the random variable representing the filtered cardinality
of relation Ri under its local predicates, and let JT denote the
random variable representing the cardinality of an intermediate
join result corresponding to a join tree node T . Traditional
optimizers approximate Si and JT with scalars, often under
independence assumptions. Here we represent log Si and log JT

as random variables with approximately Gaussian behavior in
many practical regimes, motivated by multiplicative errors and
heavy-tailed cardinality distributions. The log transform is
also convenient for modeling multiplicative uncertainty and for
ensuring positivity [18].

A practical learned uncertainty model can be structured as a
conditional latent variable model. Let x denote query features,
including predicate types, predicate values, join graph structure,
table statistics, and time context. Let z denote latent factors
capturing unobserved correlation structure, skew regimes, and
drift. We define a conditional distribution py | x over target
log-cardinalities y, where y may include base selectivities and
selected join selectivities. A tractable approach is to parameter-
ize py | x as a mixture or as a Gaussian distribution with mean
and covariance predicted by a neural network, potentially with
low-rank covariance structure. Another approach is to predict
quantiles directly, which avoids assuming a parametric form and
can yield better calibration in the tails.

To remain compatible with optimizer constraints, we focus

on a representation that supports three operations efficiently:
extraction of marginal quantiles for a node, combination of
uncertainties along a join, and incremental updates as join trees
are constructed [19]. A convenient compromise is to represent
each node cardinality as log-normal with parameters µ, σ2 for
log-cardinality, with correlation captured through shared latent
factors rather than full covariance matrices. Specifically, we
consider

log Si = µix a⊤
i z ϵi, ϵi ∼ N 0, σ2

i x, (3.1)
z ∼ N 0, Ik, (3.2)

where ai ∈ Rk are factor loadings and ϵi captures idiosyncratic
noise. This structure induces correlation between different Si

through the shared z. It also allows uncertainty to expand when
σ2

i x is large, reflecting either aleatoric variability or epistemic
uncertainty if the model is uncertain in that region of feature
space [20]. The same structure can be extended to intermediate
joins by defining loadings for join nodes or by defining join
selectivity as a function of the underlying base factors.

For joins, a classical approximation is that join cardinality
equals the product of input cardinalities times join selectivity.
In log space, this becomes additive:

log J = log A log B log θ, (3.3)

where A and B are input cardinalities and θ is the join selectivity
scaled appropriately by key domain sizes [21]. Uncertainty
enters both through A, B, and θ, with dependencies between
them. In marketplace schemas, foreign key joins often have
near-deterministic selectivities when referential integrity holds,
but the effective output size still depends on filtering and on
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Table 8 Feature groups used by the learned uncertainty-aware optimizer

Feature Group Example Features Dim.

Relation statistics Table size, #distinct, null ratio 32

Predicate features Operator type, range width, selectivity 48

Join graph structure Degree, edge type, path length 64

Plan context Partial join size, depth, cost so far 40

Runtime feedback Latency samples, observed row counts 24

Table 9 Training hyperparameters for the learned cardinality and uncertainty model

Hyperparameter Value Notes

Optimizer AdamW Weight decay 1e−4

Initial learning rate 3e−4 Cosine decay schedule

Batch size 512 Queries per batch

Hidden layers 4 256 units each

Dropout rate 0.1 Applied to all hidden layers

MC samples 16 During training and search

Training steps 200,000 Early stop on validation NLL

multi-way join interactions that can produce fan-out or fan-in
effects. For non-key joins, selectivity uncertainty can be large.

We therefore define a learned model for join selectivity in
log space:

log θu,v = νu,vx b⊤
u,vz ηu,v, ηu,v ∼ N 0, τ2

u,vx, (3.4)

where u, v denotes a join edge between relations or intermediate
nodes [22]. The feature vector x includes join key types, distinct
count estimates, and predicate summaries. The shared z allows
correlated uncertainty, such as when multiple joins share the
same skewed key distribution. This is relevant in marketplace
analytics where seller and product keys appear in many tables,
and where time window changes can affect all related selectivities
simultaneously.

Given this structure, we can derive approximate distributions
for intermediate join cardinalities. Suppose we join two subplans
T1 and T2 with intermediate cardinalities JT1 and JT2 , and join
selectivity θT1,T2 . In log space: [23]

log JT = log JT1 log JT2 log θT1,T2 . (3.5)

If each term is approximately Gaussian conditional on z, then
log JT is also Gaussian conditional on z, with mean and variance
that can be computed by summing the conditional means and
variances. The marginal distribution integrates over z, yielding
additional variance due to factor uncertainty. In the factor model,
the marginal log JT remains Gaussian with mean equal to the
sum of means and variance equal to the sum of idiosyncratic
variances plus the squared norm of the aggregated loadings.

To make this explicit, define for each node T a representation

log JT = mT x c⊤
T z ξT , ξT ∼ N 0, vT x, (3.6)

where cT aggregates factor loadings and vT aggregates idiosyn-
cratic variances [24]. For base relations, mT , cT , vT correspond
to µi, ai, σ2

i . For a join T = T1 Z T2, we have

mT = mT1 mT2 νT1,T2 , (3.7)
cT = cT1 cT2 bT1,T2 , (3.8)
vT = vT1 vT2 τ2

T1,T2 , (3.9)

where νT1,T2 and bT1,T2 and τ2
T1,T2

are produced by the learned
join selectivity model given the features induced by T1, T2, and
the join predicate. This recursion yields a compact uncertainty
representation for every candidate join tree node that can be
computed incrementally during enumeration.

A key issue is feature construction for intermediate nodes [? ].
Marketplace analytics join trees can be large, and features must
summarize predicates and key distributions without exploding
in dimension. A practical approach is to embed predicate sets
and join graph neighborhoods into fixed-dimensional vectors,
using learned embeddings for columns, operators, and predicate
literals, combined with pooling. Time context can be represented
by features such as window length, end time relative to now,
and seasonal indicators. Drift can be captured by including
the statistics collection timestamp and by learning to widen
uncertainty when staleness increases. These design choices
affect calibration, which must be validated [25].

Calibration can be enforced through training objectives that
penalize miscalibrated intervals. For parametric distributions,
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negative log likelihood encourages good fit but can underrep-
resent tail errors if the chosen family is misspecified. Quantile
regression can target specific quantiles used by the optimizer,
such as the median and a high quantile like the 90% or 95% level,
allowing the optimizer to reason about tail cardinalities directly.
A compromise is to predict mT , vT and then apply a post-hoc
calibration map that adjusts predicted variances based on ob-
served coverage, potentially conditioned on query features. The
essential requirement is that the predicted uncertainty reflects
the empirical frequency of misestimation under the relevant
regime, including drift [26].

In addition to predictive uncertainty about cardinality mag-
nitude, the optimizer benefits from uncertainty about skew and
distinct counts because these influence join costs. For dis-
tributed joins, the effective cost depends on the distribution of
key frequencies across partitions. While modeling full skew dis-
tributions is expensive, a learned model can predict a small set of
skew indicators, such as an estimated maximum key frequency
or a Gini-like concentration statistic, along with uncertainty.
These indicators can be folded into the cost model as risk factors
that increase the tail cost of repartitioned joins. In marketplace
analytics, a single seller or product can dominate a partition,
so a skew-aware uncertainty estimate can materially improve
robustness [27].

The uncertainty model described here is not tied to a specific
learning architecture; what matters is the interface: given a
candidate node and its feature summary, the model returns
a compact representation mT , cT , vT for log-cardinality and
optionally additional indicators for skew and distinct counts.
This representation supports propagation and cost evaluation,
enabling the robust join order optimizer described next.

4. Robust Join Order Optimization with Risk-
Sensitive Costing

Join order optimization traditionally seeks a plan P minimizing
an estimated cost CostP ; ĉ where ĉ are point estimates of
cardinalities and selectivities. Under uncertainty, cardinalities
are random variables C with a predicted distribution. A robust
optimizer must select P to control not only expected cost
but also tail behavior. The design space includes worst-case
robust optimization, distributionally robust approaches, and
risk measures such as variance penalties or conditional value
at risk. In analytics systems, worst-case criteria often lead to
overly conservative plans because the support of uncertainty can
include extreme values that are unlikely [28]. Conversely, pure
expected cost can produce brittle plans. We therefore adopt a
risk-sensitive objective that interpolates between these extremes
and is interpretable in terms of latency percentiles.

Let P denote a physical plan including join tree structure and
join operator choices. Let ZP , C denote the random runtime
cost induced by random cardinalities C, as approximated by the
cost model. The robust optimization problem can be posed as
[29]

P ⋆ = arg min
P ∈P

ρ
(
ZP , C

)
, (4.1)

where ρ is a risk functional. A common choice is mean-variance,
ρZ = EZ λVarZ, but variance is not ideal for heavy-tailed
distributions. A more targeted choice is conditional value at
risk (CVaR), which measures expected cost in the tail beyond a
quantile. For a tail level α ∈ 0, 1, CVaR is

CVaRαZ = E
[
Z | Z ≥ VaRαZ

]
, (4.2)

where VaRα is the α-quantile. A risk-sensitive objective can
then be

ρZ = 1 − λEZ λCVaRαZ, (4.3)

with λ ∈ 0, 1 [30]. This objective penalizes plans that have rare
but severe slowdowns, which aligns with the goal of improving
high-percentile latency while maintaining reasonable average
performance. In practice, the cost model itself is approximate,
but the relative ranking induced by a tail-aware criterion can
still reduce catastrophic regressions.

To compute ρZ during join enumeration, we need a tractable
approximation of the distribution of ZP , C. A plan cost is com-
posed of operator costs that depend on intermediate cardinalities,
memory, and skew. Many cost components scale roughly lin-
early with cardinality, while others have nonlinearities due to
spills and sorting. We therefore represent operator cost as a
piecewise function of cardinality, with parameters determined
by physical operator choice and system resources [31].

Consider a hash join with build input cardinality B and probe
input cardinality A. Let w denote row width, and let M denote
available memory for the join. The build hash table size can be
approximated as HB = γwB for some overhead factor γ. If
HB ≤ M , the join can be in-memory, with cost approximately

Cmem
hj A, B = κ1A κ2B, (4.4)

where κ1, κ2 absorb scan and hashing costs [32]. If HB > M ,
the join spills and the cost increases due to partitioning and I/O.
A simplified spilled cost is

Cspill
hj A, B = κ3A κ4B κ5A B logA B, (4.5)

where the logarithmic term reflects multi-pass partitioning or
additional overhead. The effective cost is then

ChjA, B = Cmem
hj A, B1{HB ≤ M} Cspill

hj A, B1{HB > M}.
(4.6)

Because the indicator depends on B, uncertainty in B induces a
mixture-like uncertainty in cost, creating a heavy tail if the spill
threshold is near the predicted distribution mass [33]. Similar
threshold effects arise for broadcast joins, where broadcasting
is feasible only if the broadcast side is below a size threshold
determined by executor memory and network constraints.

For sort-merge joins, cost depends on sorting, which scales
as N log N and can also spill. Sort-merge can be more stable
than hash joins under memory uncertainty but may be slower
on average. Robust optimization should capture this tradeoff by
penalizing plans that have high probability of spilling [34].

To incorporate uncertainty, we consider A and B as ran-
dom variables with log-normal distributions derived from the
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uncertainty propagation model. The spill event probability is
PHB > M , which can be computed from the distribution of
B. For log-normal B, we can compute

PHB > M = P

(
B >

M

γw

)
(4.7)

= 1 −Φ

 log
(

M
γw

)
− mB

sB

 , (4.8)

where mB and s2
B are the mean and variance of log B and Φ is

the standard normal CDF. Expected cost can be approximated by
integrating the piecewise function under the distribution of A, B.
Exact integration is complex due to correlation and nonlinearities,
but a practical approximation is to evaluate cost at representative
quantiles and weight them, or to use moment-matching for the
two regimes [35]. For example, we can approximate

EChjA, B ≈ 1 − pspill Cmem
hj q0.5

A , q0.5
B (4.9)

pspill Cspill
hj qβ

A, qβ
B , (4.10)

where pspill = PHB > M , q0.5 is the median, and qβ is a high
quantile such as β = 0.9 to represent tail sizes during spill. This
form directly links uncertainty to expected cost and also yields
a natural tail proxy.

For CVaR-like objectives, we similarly need tail costs. A
simple approximation is to use a high-quantile cost as a surrogate
for tail expectation:

TailCostαP ≈ Z
(
P , qα

)
, (4.11)

where qα denotes a vector of node cardinalities set to their α-
quantiles, computed consistently under the factor model so that
correlations are respected. Under the latent factor representation,
we can generate correlated quantiles by selecting a latent factor
realization at a specified Mahalanobis radius and then computing
conditional medians [36]. For example, if z is standard normal
in k dimensions, a tail scenario can be approximated by setting
z to a vector with ∥z∥ corresponding to an α-quantile of χ2

k, and
oriented along the aggregated loading direction that maximizes
the plan cost gradient. This yields a conservative but structured
tail scenario that reflects correlated misestimation.

To keep join enumeration tractable, we embed the risk evalu-
ation into dynamic programming with pruning. For each subset
of relations S, we maintain a set of Pareto-optimal partial plans
characterized by a tuple of metrics: expected cost, tail cost
proxy, and uncertainty representation for intermediate cardinal-
ity. When combining two subplans, we propagate uncertainty
to compute the distribution for the new intermediate, and we
compute robust cost metrics for the join operator candidates [37].
We then prune dominated plans using a dominance criterion that
compares both expected and tail metrics. This extends classic
cost-based enumeration with multi-objective pruning, which
can remain manageable if the frontier is small. In practice,
additional heuristics such as limiting the number of retained
plans per subset based on a score can ensure tractability.

Formally, for a partial plan PT producing intermediate node
T with uncertainty representation mT , cT , vT , define expected

cost C̄PT and tail proxy CαPT . When joining T1 and T2 with
operator o, we compute [38]

C̄PT = C̄PT1 C̄PT2 ECoJT1 , JT2 , (4.12)
CαPT = CαPT1 CαPT2 Co

(
qα

T1 , qα
T2

)
, (4.13)

where the expectation and quantiles are computed using the
propagated uncertainty. The plan score is then

ScorePT = 1 − λC̄PT λCαPT . (4.14)

This score approximates the mean-CVaR mixture and is opti-
mized by choosing the plan with minimal score at the full set of
relations.

A subtlety is that Cα is not additive in general, but the
additive proxy can still be useful because tail events often
accumulate through a few dominant operators, and additivity
enables dynamic programming. A more refined approximation
can include a max operator for the tail component to reflect that
the slowest stage dominates latency in pipelined execution:

CαPT ≈ max
(
CαPT1 , CαPT2 , Co

(
qα

T1 , qα
T2

))
, (4.15)

with additional terms for blocking operators [39]. This better
captures tail latency behavior in distributed settings where stage
boundaries create synchronization points.

Robust join order optimization must also account for the
effect of join order on uncertainty itself. Joining two uncertain
relations can reduce uncertainty if the join is selective and
constrains the result, or it can increase uncertainty if selectivity
is itself uncertain. Under the factor model, the variance of
log JT is vT ∥cT ∥2. The aggregated loading vector cT indicates
sensitivity to latent factors, which often correspond to drift and
correlation regimes [40]. Plans that amplify sensitivity to z can
be fragile because a drift in a latent factor affects many joins.
A robust criterion can therefore include an explicit penalty on
∥cT ∥, which measures correlated uncertainty. For example, one
can define

ScorePT = 1 − λC̄PT λCαPT λu∥cT ∥2, (4.16)

where λu tunes the preference for plans whose intermediate
size is less sensitive to drift factors. This term is meaningful
when z captures time drift and global distribution shifts, which
is common in marketplace analytics [41].

The optimizer must also avoid plans that require committing
to brittle physical choices too early. For example, choosing
broadcast versus repartition may depend on whether an inter-
mediate stays below a threshold. Under uncertainty, it may be
beneficial to choose a plan that allows either option at runtime.
This motivates producing contingency plans or operator fall-
backs. While full contingent planning is complex, a practical
approach is to annotate plan nodes with alternative operator
choices that can be activated if observed cardinalities cross a
threshold [42]. The robust optimizer can then evaluate a plan
under an adaptive policy rather than a fixed operator assignment.
A simple policy is: attempt broadcast if the observed size is
below threshold with a margin, otherwise fall back to reparti-
tion. The expected cost of such a policy can be computed by
integrating over the distribution of the observed size.
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In summary, robust join order optimization with learned
uncertainty uses probabilistic cardinality representations to eval-
uate both expected and tail costs, incorporates discontinuities
due to spills and broadcasts, and searches join trees using dy-
namic programming augmented with multi-objective pruning
[43]. The next section describes how robustness extends beyond
compile-time selection to runtime adaptation using cardinality
feedback, which is particularly important in marketplace analyt-
ics where drift can occur between optimization and execution.

5. Robust Execution with Online Feedback and
Plan Adaptation

Even with uncertainty-aware optimization, runtime conditions
can deviate from predicted distributions. Marketplace analytics
pipelines may run on shared clusters with variable resource avail-
ability, and data drift can occur rapidly. Robustness therefore
benefits from online feedback during execution. The objective
is to detect when observed cardinalities fall outside predicted
ranges and to adapt join strategies before catastrophic perfor-
mance degradation occurs [44]. This section describes a runtime
protocol that integrates with the uncertainty-aware optimizer,
focusing on partial materialization, progressive sampling, and
statistically grounded triggers for adaptation.

Modern execution engines already collect runtime statistics
such as actual row counts, selectivities, and spill events. The key
is to use these statistics early enough to change the plan. In many
engines, join order is fixed once execution begins, but adaptive
query processing techniques allow mid-query re-optimization.
In a robust framework, we do not need arbitrary plan changes;
instead, we focus on a limited set of adaptations that address the
most damaging consequences of misestimation: incorrect join
order leading to exploding intermediates, incorrect join operator
leading to spill, and skew-induced stragglers due to partitioning
choices [45].

We assume that execution proceeds in stages, where a stage
corresponds to a set of operators between exchange boundaries.
Many join trees in distributed settings are executed as a sequence
of stages because repartitioning requires shuffles. The earliest
stages often filter base tables and build small intermediates.
It is beneficial to measure the actual cardinalities of these
intermediates and compare them to predicted distributions.
Because our optimizer maintains a distribution mT , cT , vT for
each intermediate, we can compute predictive intervals [46].
For example, the predicted α-level upper bound for node T can
be computed as

uα
T = exp

(
mT zα

√︁
vT ∥cT ∥2

)
, (5.1)

where zα is the standard normal quantile. Similarly, lower
bounds are defined. When execution produces an observed
cardinality ĴT , we can compute a standardized residual in log
space:

rT =
log ĴT − mT√︁

vT ∥cT ∥2
. (5.2)

If the uncertainty model is calibrated, rT should behave ap-
proximately as a standard normal variable under the predictive

distribution, conditioned on the features. Large positive resid-
uals indicate larger-than-expected intermediates and potential
risk of spills downstream [47].

A statistically grounded trigger for adaptation can be built
on the probability of observing a residual at least as extreme.
Define

pT = 1 −ΦrT . (5.3)

Small pT indicates an unexpectedly large cardinality [48]. To
avoid reacting to noise, the engine can require that pT falls below
a threshold δ and that the predicted downstream impact exceeds
a cost threshold. Because we care about catastrophic slowdowns,
δ can be set relatively small, such as 0.01, which corresponds to
a 99% upper bound violation. This integrates naturally with the
risk parameter α used in robust optimization. If the optimizer
planned for α = 0.9 tail costs but runtime observes an event
beyond the 0.99 bound, it signals that the uncertainty model
underestimated the tail or that drift occurred.

Upon trigger, adaptation actions can include revising memory
grants, switching join operator, or switching join order within
a limited neighborhood [49]. Memory grant adaptation is
often the cheapest: if an intermediate is larger than expected,
increasing memory for a downstream hash join can prevent spills,
if resources allow. The predicted distribution can be used to
compute the required memory for a target spill probability. For
a desired spill probability ϵ, we can compute a memory target

MT ϵ = γw u1−ϵ
T , (5.4)

which uses an upper quantile for the build-side cardinality.
This provides a principled way to allocate memory based on
uncertainty, rather than using a single estimate plus a fixed safety
factor [50]. In shared clusters, the scheduler may not grant the
full target memory, but partial adjustments can still help.

Operator switching is another adaptation. If a hash join is
predicted to spill with high probability given updated cardinality
observations, switching to sort-merge can provide more stable
performance, particularly if sorting can be pipelined or if inputs
are already sorted. Conversely, if an intermediate becomes much
smaller than expected, switching to a broadcast join can reduce
shuffle costs. Because operator switching can require different
partitioning, it is easiest at stage boundaries [51]. The robust
plan can therefore include operator alternatives for each join
node, with conditions based on observed sizes. For example,
a join node might include both broadcast-hash and repartition-
hash implementations, and the engine selects based on observed
build size and a broadcast feasibility model.

Join order switching is more complex because it can require
recomputing intermediates. However, many catastrophic cases
arise when a join that was expected to be selective is not, and
joining it early causes explosion. If this is detected early, it
may be preferable to reorder remaining joins to apply a different
selective predicate first [52]. A practical approach is to support
limited re-optimization of the remaining join graph using the
updated uncertainty representation for observed nodes and the
prior distributions for unobserved nodes. Because the robust
optimizer already supports dynamic programming with uncer-
tainty propagation, it can be invoked on the remaining relations
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with fixed results for completed nodes. The re-optimization
scope can be bounded by limiting the number of remaining joins
or by restricting to commutative reorderings within a connected
component. The adaptation overhead is then manageable, and
because it occurs only upon rare triggers, it does not dominate
typical execution [53].

A challenge in online adaptation is that observed cardinalities
are themselves subject to sampling error if they are estimated
early. To obtain early signals, the engine can use progressive
sampling. For example, while scanning a base table, it can
sample a fraction of blocks and estimate predicate selectivity.
The estimate can be used to update the distribution of Si before
the full scan completes. This is particularly useful when time
windows are large and scans take time [54]. Sampling-based
updates must account for variance. If the sampled selectivity
estimate is ŝ with standard error se, the posterior uncertainty in Si

can be updated by combining the learned prior distribution with
the sampling likelihood. In log space, approximate Bayesian
updating can be applied:

m′
i =

miσ
2
i log Ŝise2

log
1σ2

i 1se2
log

, (5.5)

v′
i =

(
1

σ2
i

1
se2

log

)−1

, (5.6)

where selog is the standard error of the log estimate. This yields
a posterior distribution that reflects both learned uncertainty and
observed evidence. The same idea applies to join selectivities
observed from early partial joins or bloom-filter probes.

Online feedback also helps calibrate uncertainty over time
[55]. If the system records residuals rT across queries, it
can detect miscalibration patterns, such as underestimating
variance for certain predicate types or for certain time windows.
This data can be used to refine the uncertainty model or apply
correction factors. In marketplace analytics, where drift is
ongoing, continuous calibration is important. However, this
paper focuses on how uncertainty is consumed by optimization
and execution rather than on the full lifecycle of model retraining.

Robust execution must also address skew [56]. Even if total
cardinality is predicted well, skew can cause stragglers. Runtime
can detect skew early by monitoring per-partition row counts
during shuffle and by estimating key frequency distributions.
If skew exceeds predicted uncertainty bounds, the engine can
apply skew mitigation techniques such as key salting, adaptive
repartitioning, or switching to a different join strategy. In a robust
framework, skew indicators predicted with uncertainty can be
used to decide whether to proactively enable skew handling,
trading off overhead against tail-risk reduction. For example,
if the predicted probability of severe skew is high, the plan
can enable skew-aware partitioning by default; otherwise it can
disable it to reduce overhead [57].

The integration between robust optimization and robust exe-
cution can be summarized as a contract: the optimizer produces
a plan annotated with predictive distributions for intermediates
and with adaptive policies for operators and memory, and the
executor produces observations that update these distributions

and trigger policy decisions. This contract is particularly rele-
vant in marketplace analytics where queries are repeated with
different time windows or predicate values; the same robust
framework can provide stable behavior across variants, reducing
operational burden.

6. Evaluation Methodology and Results in Mar-
ketplace Analytics Regimes

An evaluation of uncertainty-aware robust join order optimiza-
tion must measure not only average runtime improvements but
also reductions in severe regressions under misestimation. Be-
cause the objective is robustness, the primary metrics include
high-percentile latency, frequency of spills, and plan stability un-
der distribution shifts [58]. Additionally, because the approach
relies on learned uncertainty, the evaluation must assess calibra-
tion and the impact of miscalibration on optimization choices.
This section describes an experimental methodology tailored to
marketplace analytics regimes and summarizes representative
results patterns that such a methodology reveals.

A key challenge in evaluation is that real marketplace data
and workloads can be proprietary. The methodology therefore
focuses on reproducible regimes rather than exact datasets. The
core idea is to construct relational schemas and query templates
that mimic marketplace characteristics: a large event table with
high-dimensional predicates, a large transactional fact table, and
multiple dimensions with skewed keys [59]. The data generation
process should include heavy-tailed distributions over seller and
product keys, time-varying behavior, and correlated attributes.
For example, one can model seller popularity as a Zipf-like
distribution and correlate campaign assignment with product
category and geography. Time drift can be simulated by shifting
the distribution of campaign IDs and by changing the correlation
strength between attributes across time windows.

Queries can be generated from templates representing com-
mon analytics tasks: conversion attribution joins between clicks
and orders, inventory health joins between listings and ship-
ments, and seller performance joins between orders and seller
metadata. Each template defines a join graph and a set of predi-
cate slots [60]. Predicate values are sampled from distributions
that produce both in-distribution and out-of-distribution combi-
nations relative to training data. Time windows vary, including
short recent windows and longer historical windows, to induce
selectivity shifts and statistics staleness effects. The workload
should include queries with join graphs of moderate size, such
as 6 to 12 relations, where join order choices are meaningful
and enumeration is nontrivial.

The learned uncertainty model can be trained on a subset
of the generated queries and evaluated on held-out queries,
including drifted regimes. Calibration can be measured by
interval coverage [61]. For each predicted node distribution,
one can compute the fraction of observed cardinalities that
fall within the predicted 90% interval, and similarly for 95%
intervals. A well-calibrated model should produce coverage
close to nominal. In practice, coverage may degrade under
drift, and robust optimization should still provide benefits if
uncertainty widens appropriately.
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Baselines for comparison include a traditional optimizer us-
ing point estimates, a learned cardinality estimator producing
point predictions without uncertainty, and heuristic robustness
techniques such as using inflated cardinality estimates or con-
servative join strategies. The robust optimizer is evaluated with
different risk parameters λ and tail levels α to explore the trade-
off between average and tail performance [62]. The runtime
adaptation component is evaluated by enabling or disabling
online triggers and measuring reductions in catastrophic cases.

The primary outcome measures include median runtime, 95%
runtime, and worst-case runtime over the test set. Additional
measures include spill frequency, total spill bytes, and number
of stage stragglers exceeding a threshold. Plan stability can be
measured by counting how often the chosen join order changes
between runs of similar queries with slightly different predicate
values, and by measuring sensitivity of cost to perturbations in
cardinalities [63]. A robust optimizer is expected to produce
fewer extreme outliers and more consistent performance, poten-
tially at a small cost in median runtime depending on parameter
choices.

Representative result patterns can be described as follows.
Under in-distribution queries with mild misestimation, the ro-
bust optimizer with a modest risk weight tends to match the
median performance of the point-estimate optimizer because
uncertainty is low and the expected-cost term dominates. Under
moderate correlation shifts, the point-estimate optimizer exhibits
occasional regressions where a broadcast join is chosen based on
underestimated intermediate size, leading to memory pressure or
failure, or where a hash join spills repeatedly because the build
side is larger than expected. The robust optimizer tends to avoid
these brittle choices when the uncertainty model assigns substan-
tial probability mass above the broadcast threshold or above the
memory spill threshold [64]. As a result, the frequency of severe
slowdowns decreases. The improvement is often most visible
in the 95% or 99% latency, which can decrease substantially,
while median runtime may increase slightly due to choosing a
more stable operator such as repartitioned hash or sort-merge in
some cases. The tradeoff can be tuned by λ.

Under strong drift, a point-estimate learned estimator can
fail if it confidently predicts wrong cardinalities. In such cases,
uncertainty estimates are particularly valuable if the model can
detect out-of-distribution predicates and widen uncertainty [65].
Even when the mean prediction is wrong, a widened uncertainty
can push the robust optimizer away from brittle thresholds. If the
uncertainty model is miscalibrated and remains overconfident,
robustness gains diminish, and the evaluation should reveal this
dependence. This motivates the importance of calibration and
drift-aware uncertainty modeling.

Runtime adaptation further reduces tail regressions. For
example, if the robust optimizer chooses a plan that is safe
under predicted uncertainty but drift causes an intermediate to
exceed the upper bound, online feedback can trigger an operator
switch or memory reconfiguration before a spill cascade occurs
[66]. The evaluation can show that a small fraction of queries
trigger adaptation, but those triggers account for a large fraction
of avoided worst-case outcomes. The overhead of monitoring
and occasional re-optimization is typically small relative to the

saved time in catastrophic cases, provided triggers are not too
sensitive.

Skew regimes provide another dimension. In workloads
where skew is moderate, robust optimization based on cardinality
uncertainty alone can help, but skew-induced stragglers can still
dominate tail latency. When skew indicators are included,
the robust optimizer can prefer join orders that reduce skew
amplification and can choose operators that are less sensitive to
skew, such as sort-merge with range partitioning or hash join
with skew handling enabled [67]. Runtime skew detection can
further mitigate outliers. The evaluation can quantify reductions
in straggler stage duration and improvements in tail latency.

Plan stability is often improved by robustness. Because the
robust optimizer penalizes brittle thresholds, small changes in
predicate values that slightly change mean estimates but not
uncertainty may not flip the chosen join order, yielding more
consistent performance across similar queries [68]. This matters
operationally because repeated dashboard queries should not
oscillate between plans with drastically different resource usage.

A nuanced outcome is that robustness can sometimes select
a plan that is slightly slower on average but significantly more
predictable. In marketplace analytics, predictability is valuable
for scheduling and for meeting refresh deadlines. However,
overly conservative robustness can degrade average throughput.
The evaluation should therefore explore the parameter space and
demonstrate that modest risk aversion yields a favorable tradeoff,
with substantial reductions in tail regressions and limited median
impact [69].

Because this paper presents a methodology rather than re-
porting a single fixed benchmark, the emphasis is on how to
interpret outcomes. If the robust approach reduces the incidence
of spill-driven regressions and decreases 95% latency while
maintaining competitive median performance, it indicates that
uncertainty estimates are being used effectively. If improve-
ments occur only when uncertainty is very large, it suggests that
the optimizer is not sufficiently sensitive to moderate uncertainty,
motivating refinements in the cost model. If the robust optimizer
performs worse, it can indicate miscalibration or inappropriate
risk parameters. Such diagnostics are part of the evaluation
value: uncertainty-aware optimization creates observable levers
that can be tuned and validated [70].

7. Conclusion
Join order optimization in e-commerce marketplace analytics
operates under persistent cardinality misestimation caused by
attribute correlation, heavy-tailed skew, and non-stationary data
distributions. Plans selected under point estimates can be brittle,
particularly near physical feasibility thresholds such as broadcast
limits and memory spill boundaries, leading to unpredictable
tail latency and occasional catastrophic regressions. This paper
presented a framework for join order optimization augmented
with learned uncertainty estimates, with the goal of robust exe-
cution under misestimation. The approach models cardinalities
as distributions, using a compact latent factor representation
that captures correlated uncertainty and supports efficient prop-
agation through join trees. Robust plan selection is formulated
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through a risk-sensitive objective that combines expected cost
with tail-risk proxies, enabling the optimizer to penalize plans
whose costs exhibit sharp nonlinearities under plausible devi-
ations [71]. The framework also integrates runtime feedback,
using predictive intervals and statistically grounded residuals
to trigger adaptive actions such as memory grant adjustments,
operator switching, and limited re-optimization when observed
cardinalities violate predicted bounds.

The resulting design emphasizes practicality: uncertainty
representations are lightweight, robust costing focuses on dis-
continuities that drive severe slowdowns, and enumeration is
kept tractable through multi-objective pruning and compact
plan frontiers. The evaluation methodology described for mar-
ketplace analytics regimes highlights the relevant metrics for
robustness, including high-percentile latency, spill frequency,
skew-driven stragglers, and plan stability under drift. While
uncertainty-aware optimization depends on calibration quality
and appropriate risk parameterization, the framework provides
an explicit mechanism to reason about and control tail behavior,
offering a systematic alternative to ad hoc conservatism and
manual tuning. In marketplace analytics environments where
predictability and operational reliability are important, incor-
porating learned uncertainty into join order optimization and
execution feedback offers a coherent path toward more stable
performance under inevitable cardinality misestimation [72].
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