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ABSTRACT

We introduce a soundness checker for database cardinality esti-
mators powered by the recent frameworks for cardinality bounds,
xBounD and LpBounp. Traditional optimizers do not provide any
guarantees about their estimates, whereas frameworks such as
xBounD and LPBoUND yield provable lower and upper bounds on
an operator’s cardinality. Our demonstration lets users understand
how out-of-bounds cardinality estimators of well-known database
systems are, by comparing their cardinality estimates with the corre-
sponding bounds; severe violations indicate an unsound cardinality
estimator. Additionally, users can issue ad-hoc queries from open
benchmarks and understand the parameter space of XBouND along
with its effect on the quality of the lower bounds.
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1 INTRODUCTION

The last decade in database research has witnessed a proliferation of
new techniques for cardinality estimation and the broader challenge
of query optimization [2, 3, 5-7, 9, 13-15]. This resurgence was
largely sparked by a seminal paper by Leis et al. [8], which showed
that estimating relational operator cardinalities remains challenging
even for industrial-strength systems. Their work revealed that all
tested systems routinely produce large estimation errors, with join
size estimation being particularly fragile.

In this demonstration, we do not focus on highlighting Q-errors,
i.e., the symmetric ratio between estimated and actual operator
cardinalities, which have already been extensively demonstrated in
prior literature. Instead, we expose a more fundamental property
of modern cardinality estimators: their soundness.
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Soundness. We define a cardinality estimator as sound if its esti-
mates strictly adhere to mathematically verified bounds. Assume
that the true cardinality of a join A X B lies within a provable range
[1b, ub], i.e., 1Ib < |A X B| < ub. Then if the estimate, est, falls
within the provided bounds, i.e., est € [1b, ub], the estimate is
safe and the estimator is sound for this particular join. Otherwise,
the provided estimate is mathematically invalid and thus unsafe.
From a system-wide perspective, the impact of unsafe cardinality
estimates extends well beyond the query optimizer. Indeed, unsafe
estimates lead to poor plan selection and also severely disrupt down-
stream, runtime operations [12, §1]. Additionally, an out-of-bounds
estimate misleads query schedulers and resource managers into
severe under- or over-provisioning of CPU and memory. Guaran-
teeing the estimator’s soundness establishes a reliable foundation
across the entire system, ensuring that both plan selection and
runtime execution strategies are driven by valid, provable bounds.

Provable Cardinality Bounds. This soundness analysis is only
possible due to the line of research on provable cardinality bounds.
In this paper, we consider two complementary frameworks: (i) our
recently developed framework for lower bounds, xBounp [12], and
(ii) the state-of-the-art work for upper bounds, LeBounp [15].! At
their core, both frameworks rely on £, norms on degree sequences.
Because deriving tight lower bounds is inherently more challenging,
xBouND introduces a suite of advanced optimizations to refine them.
lustrating the empirical effect of these optimizations is another
key aspect of this demonstration.

Setup. We will test the soundness of both open and closed sys-
tems: (i) DuckDB, (ii) PostgreSQL, and (iii) Microsoft’s Fabric DW.
Our interactive demo includes a suite of open benchmarks, which
are supported by both frameworks: (a) JOBLiGHT [7], (b) STATS-
CEB [4], and (c) SO-CEB, which is the STATS-CEB benchmark run
on the 220 GB StackOverflow dump provided in SQLSTORM [11].
On each benchmark, we will also rank the query engines by their
soundness. Additionally, users can also inspect the Q-errors when
they activate the bounded counterparts of the systems, i.e., we clip
the system’s estimates with the corresponding lower and upper
bounds. Indeed, as shown in our previous work [12], this reduces
the overall Q-error and leads to measurable query speedups.

The demo, along with the bounds of both frameworks on the
benchmarks, is available at ¢ ' xbound.github.io . The webpage

The demonstration of XBouND is new; LPBOUND already had a demonstration [10].
We employ LPBoUND’s bounds so that users can visually see the range formed by the
corresponding lower and upper bounds.
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is a read-only version, while our local demonstration allows users to
interactively issue custom queries on the open systems and the two
provable frameworks. The tool also allows users to add a custom
system, enabling them to quantify (and visualize) its soundness.

Contributions. Our demonstration empowers users to:

(1) quantify the extent to which current database systems pro-
duce unsound cardinality estimates, measuring the severity
of these out-of-bounds violations.

(2) explore the parameter space of xBoUND, the first framework
designed for cardinality lower bounds, to understand how
different configurations tighten the resulting bounds.

We next outline the structure of our demonstration, starting
with an outline of our framework for lower bounds, xBouNnDp, and
continuing with the description of both the dashboard where users
can issue queries and the leaderboard of the systems regarding their
soundness and (improved) Q-errors.

2 CARDINALITY BOUNDS

We first overview how provable frameworks for cardinality bounds
work, focusing on our framework for lower bounds, xBounD.

Status Quo. The existing literature on provable cardinality bounds,
which recently culminated in the LPBouND framework [15], has
had a major limitation: such estimators can only yield upper bounds.
While upper bounds are highly effective at fixing overestimation by
safely capping the optimizer’s estimates, they offer no protection
against the opposite problem. Consequently, safeguarding query
execution against severe underestimates remains an open challenge.

In fact, underestimation can lead to catastrophic outcomes. It
compromises both plan selection, tricking optimizers into fragile
small-data choices like nested-loop or broadcast joins, and run-
time execution, triggering out-of-memory errors and massive disk
spilling. The severity of this issue is evident in the heavy-tailed
distribution of CPU estimation errors in Fabric DW. While >99% of
stages face no underestimation (cardinality underestimation does
not always lead to CPU underestimation), 1 in 10’000 stages suffers
from >70x CPU underallocation, with extreme outliers starved by
over a thousandfold [12].

xBounb. To bridge this critical gap, in prior work we introduced
XBoUND, the first framework for cardinality lower bounds [12].
XBoUND uses lightweight base table statistics and dot-product re-
verse inequalities to first bound the number of distinct keys that
will join, boosting this number further with prefixed £, norms. Like
traditional cardinality estimators, all its statistics are built once and
can be re-used across the whole workload.

Before describing XBoUND’s internals, let us understand how
such size bounds can be inferred from the base tables.

Size Bounds: Intuition. We provide the key idea behind join size
bounds. Consider the toy example in Fig. 1, where we show two
join columns, A(X) and B(X), with their corresponding degree
sequences on the side. A degree sequence consists of the degrees of
the key in the respective column, sorted in non-decreasing order.
For the sake of presentation, we assume that each key has a join
partner in the other table. The join cardinality can be computed as:
2x2(@)+1x3(0)+1x1(C)=38.

4511

B(X)

A(X) y .
) 4

1 1

1 2

2 3

) 2

Figure 1: Obtaining a lower bound on the join size, assuming
all keys join, by multiplying cross-wise the values of the
(non-decreasing) degree sequences. This follows from the
rearrangement inequality.

The degree sequences depicted on the side do not capture the
keys for which the frequencies are attained. The question is thus:
What is a valid (non-zero) lower bound in this case? A moment of
thought reveals that multiplying cross-wise the values in the degree
sequences yields the best we can hope for.? In this case, the lower
boundis 1 X3+ 1X 2+ 2X1=7.This does have a mathematical
argument behind it, namely the rearrangement inequality. On the
other hand, SAFEBoUND |2, 3] (and, extrapolated, LPBOUND) uses
element-wise multiplication to upper bound the join size. In this
example, the upper bound reads: 1 X 1+1X2+2x3=09.

Lower Bounds. To lower bound the number of distinct joining keys,
xBOUND stores a ThetaSketch [1] per join column and performs a
set intersection at optimization time; xBOUND also supports hard
lower bounds, which do not rely on sketches [12, Sec. 3.1]. This
estimate is boosted by prefixed £, norms, i.e., statistics such as the
Euclidean norm or the largest degree in the join column.

Predicate Support. Currently, our framework comes with sup-
port for basic predicate types such as equality, range, conjunction,
and disjunction predicates, including the text data type. Equality
predicates are supported via storing statistics related to the most
common values (MCVs) in a predicate column. Statistics for the
range predicates, on the other hand, use equi-width histograms.

Frequent Keys. Since lower bounds assume the worst possible
case, we also maintain a heavy partition of frequent keys. Namely,
we store statistics related to the heavy hitters of a join column, such
as the degree of a given heavy key. To enable support for multiple
table predicates in this case, we store per MCV and range bucket
a ThetaSketch on the row ids. At optimization time, we intersect
the sketches of the predicate columns to get a lower bound on the
degrees of the heavy keys.

We refer the reader to Ref. [12] for a detailed formalization and
further technical details of xBouND.

2See the visualization; this also inspired our estimator’s acronym.
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Figure 2: Visualizing the soundness of the systems’ estimates with respect to xBounp’s lower bounds. Users can choose from
the benchmark, run a query, and understand the effect of xBounD’s components on the quality of the lower bounds.

The demo, explained in the following, has the role of both show-
ing the quality of the bounds (for different parameters of the com-
ponents outlined above) and quantifying how much out-of-bounds
the estimates of modern query engines are.

3 DEMONSTRATION

Our demo features (i) an interactive dashboard that allows partici-
pants to issue custom SQL queries and check the systems’ estimates
against the provable bounds provided by xBounp and LPBoUND,
and (ii) a live leaderboard that ranks the systems based on the
soundness of their cardinality estimates, scoring them according to
the severity and frequency of their bound violations.

3.1 Dashboard

The main dashboard helps users visualize the soundness of the
systems’ estimators. For ease of explanation, the dashboard is split
into four areas @—@: The upper part focuses on the SQL input
given to the systems, while the bottom part visualizes the result-
size Q-errors of the input query (@), taking also into account the
bounds provided by both xBounp and LpPBouND; XxBounD also
comes with a configurable parameter regime (@)

Input SQL. The dashboard provides a set of well-studied bench-
marks in area @: JOBLIGHT [7] (70 queries), STATS-CEB [4] (146
queries), and STACKOVERFLOW-CEB [4] (146 queries on the 220 GB
dump) from which users can either select from pre-defined bench-
mark queries or issue a custom one. In the latter case, the dashboard
will fetch in real time the estimates from the open systems and
xBoUND; notably, this feature is only provided in the local version.

Estimates & Parameter Space. The lower part of the dashboard
(@) visualizes the systems’ (traditional) cardinality estimates, and
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the cardinality bounds of the two provable frameworks (shown as
horizontal lines in the plot). We mark the safe zone and whether
the traditional estimates were safe or not for that particular query.

In addition, users can interact with XBouND’s parameter space
(@) They can vary three parameters: (a) the number of partitions
for the lightweight partition, (b) the precision of the ThetaSketch
for the # statistics (higher precision also means more space), and
(c) the precision of the ThetaSketch for the heavy partition. This
will update in real time both the lower bound shown in the plot
and the space usage of XBOUND’s statistics.

3.2 Systems Leaderboard

A cardinality estimator that frequently produces out-of-bounds
estimates can lead to detrimental outcomes at runtime. Using the
computed bounds, we can now rank the systems based on how
sound their estimators are. This ranking is shown in the second
page of the demo, as visualized in Fig. 3a. The ranking incorporates
two key metrics: (i) the violation frequency, representing the abso-
lute number of queries where a system produced out-of-bounds
estimates, and (ii) a severity score, quantifying the magnitude of
these violations. The severity score is computed as the average rel-
ative error between the invalid estimates and the provable bounds.
Furthermore, maintaining continuity with the query dashboard,
this dedicated ranking view also includes an interactive parameter-
space tuner (omitted from the screenshot).

Bounded Systems. As shown in our previous work [12], clipping
the system’s estimates with the lower bound reduces the magni-
tude of underestimation. Therefore, we also show, in Fig. 3b, the
improvement in the overall Q-error of the systems’ estimates when
enabling what we term XBoUND-ed systems; the results are for the
StAcKOVERFLOW-CEB benchmark. For instance, while the median
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Figure 3: Systems leaderboard page showing (a) the soundness of their cardinality estimators and (b) the effect of clipping with
lower and upper bounds on the benchmark’s median Q-error (in this case STAcKOVERFLOW-CEB).

Q-error of Fabric DW is 16.8x, its bounded counterpart reduces it
to 8.8x, making it to the top of the leaderboard.

3.3 Demo Session
We outline how we will interact with demo session participants.

Motivation. We will show a plot with production insights from
Fabric Data Warehouse (as shown on xbound. github. io), which
shows the severity of cardinality underestimation for the resource
estimator. This serves as the motivation for our work on lower
bounds.

Demo. We will then invite them to try out the actual demo and
see how their favorite database system performs, i.e., how out-of-
bounds it is. As described in §3.1, they can choose a benchmark and
a query, and inspect the gap between the system’s estimate and
the corresponding lower and upper bounds. After exploring two
queries, participants are redirected to the leaderboard to understand
the effect of clipping with lower bounds, which is a lightweight
technique to reduce underestimation without replacing the systems’
cardinality estimator.

4 CONCLUSION

We introduced an interactive demo that quantifies the soundness of
cardinality estimators with respect to cardinality bounds. Powered
by the recent frameworks xBounD and LPBOUND, our demo shows
that, after decades of research, we (finally) have guaranteed ranges
for operator cardinalities. We anticipate a lively demo session where
we hope to convince the community that robust query optimizers
are just around the corner.
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