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ABSTRACT
Prescriptive analytics workloads often require solving package
queries over data that changes continuously. A package query (PQ)
returns a multiset of tuples satisfying global constraints and op-
timizing a given objective, a natural formulation of constrained
optimization within a database. When each attribute in the query
has a clear “better” direction, e.g., lower cost and higher perfor-
mance, most candidate tuples are irrelevant: they are strictly worse
than others on every dimension and can never appear in an optimal
solution. Yet, keeping solutions current as data evolves remains
challenging: re-solving from scratch is slow, warm-starting helps
only modestly, and solver preprocessing achieves only limited data
reduction. We demonstrate SKYPQ, a system that employs a novel,
dominance-based data reduction method for such package queries
under updates. The key idea is to maintain a K-skyband index, a
small, correctness-preserving subset of candidates, and apply a re-
solve checker to skip re-optimization when updates cannot affect
the optimal package. The index can be shared by multiple PQs. Via
an interactive interface, participants visualize the candidate space
collapsing to the K-skyband, solve PQs over the reduced space with
exact results, explore what-if scenarios, and observe the system ef-
ficiently handling batch updates. Participants experience firsthand
how K-skyband reduction provides both speed and correctness for
constrained optimization over evolving data.
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1 INTRODUCTION
Package queries, database queries that select a multiset of tuples
optimizing an objective subject to global constraints, capture a
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broad class of constrained optimization problem directly within the
database. They are expensive to solve over large datasets. Yet in
many settings, much of the data is irrelevant. If we could identify
and exclude this irrelevant data upfront, the solver would run on a
dramatically smaller input. Consider the following scenario:

Example 1.1 (VM Provisioning). Jordan is a platform engineer
provisioning VMs for a data pipeline that requires at least 800
Compute Units (CU). Jordan wants the cheapest bundle meeting
this requirement, with practical constraints: at least 8 instances
for fault tolerance, at most 12 to respect account quotas, and no
more than 2 copies of any single VM type to avoid over-reliance
on one configuration. The catalog contains thousands of offers, yet
Jordan’s package holds only 8–12. Spot prices fluctuate, so Jordan
must re-optimize frequently. Yet most options are obviously poor
deals: why consider a 20 CU instance at $2/hr when another offers
40 CU at $1/hr? Jordan suspects most of the catalog is irrelevant,
but needs a principled way to identify which options matter.

Surprisingly, today’s technology cannot help Jordan efficiently.
Solving the integer linear program (ILP) over the full catalog takes
several seconds, acceptable for a one-time decision but not when
the data changes constantly. Warm-starting still considers every
VM; the solver’s presolve prunes only options dominated by at
least one other, missing Jordan’s limit of 2 copies per type. Greedy
heuristics achieve speed but sacrifice optimality; Jordan needs both.

Fortunately, Jordan’s instinct that most options in the catalog
are irrelevant turns out to be correct. The key is that Jordan’s query
has consistent preferences (lower cost is always better, higher CU is
always better), a property we call COnsistent Preference (COP). Not
all constrained optimization problems have this structure, but many
practical package queries do, and it is precisely this structure that
determineswhich options are irrelevant because they are dominated,
i.e., they are strictly worse than others on every relevant dimension
and can never contribute to an optimal solution. The set of non-
dominated options is called a skyline [2]; this generalizes to a K-
skyband [5], which accounts for repetition limits like Jordan’s 2
copies per VM type. For Jordan’s catalog, the K-skyband contains
only a fraction of VMs. Crucially, solving over this reduced set is
guaranteed to yield the same optimal package as solving over the
full catalog.

We demonstrate SKYPQ, an end-to-end system that achieves
dominance-based data reduction for COP package queries under
updates. The key idea is to prune candidates via a K-skyband, ex-
cluding tuples that can never appear in any optimal package; SKYPQ
maintains this skyband incrementally and applies a re-solve checker
that often skips re-optimization entirely, so the same insight that
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Figure 1: The SKYPQ architecture.

enables reduction also makes maintenance cheap. We proceed to
discuss how SKYPQ’s approach differs from prior art (Section 2),
provide a solution sketch (Section 3), and conclude with a detailed
outline of our demonstration (Section 4).

2 CONTRAST WITH PRIOR ART
The problem we address, constrained optimization over evolving
data, arises whenever decisions must be made repeatedly as under-
lying options change.

Solver-based approaches. The most direct strategy is to re-
solve the ILP from scratch after every update batch, which is correct
but wasteful: the solver considers the full candidate space regard-
less of whether the update affects the solution. For catalogs with
thousands of options, solving takes seconds; acceptable for one-
time decisions, but prohibitive when data changes continuously.
Warm-starting reuses the previous solution as a starting point, re-
ducing solver iterations, but still considers all tuples and must verify
optimality over the full problem; speedups are modest (typically
1.5x–2x). LP/ILP presolve [1] includes dominated column elimina-
tion, mathematically equivalent to computing the 1-skyband over
variable coefficients, but has three limitations for our setting: (i) it
removes only variables dominated by at least one other, whereas
package queries with repetition bounds require the 𝐾-skyband,
since a tuple dominated by 𝐾−1 others may still appear in optimal
packages if its dominators are saturated; (ii) dominance detection
is expensive, with solvers capping it at ∼1M variable pairs; and
(iii) presolve runs from scratch on every solve, whereas SKYPQ’s
reduction is captured once in the 𝐾-skyband and maintained incre-
mentally. Even a well-tuned presolve on a fast machine recomputes
its reductions at every update and discards them afterward, while
the maintained skyband persists across solves and lets the re-solve
checker skip the solve entirely. Presolve and the skyband are there-
fore complementary rather than competing.

Scalable package query systems. SketchRefine [3] and Pro-
gressive Shading [6] scale to large static datasets via partitioning
and hierarchical representatives, but their structures are costly to
maintain under updates, triggering repairs even when the change
cannot affect the optimal package, and neither returns an exact
solution.

Heuristics. Greedy, local search, and genetic algorithms pro-
duce feasible packages quickly but sacrifice optimality, which is
unacceptable when decisions have real cost consequences.

Jordan’s VM provisioning query
SELECT PACKAGE(*) AS P

FROM vm_offers

REPEAT EACH P.offer_id AT MOST 2

SUCH THAT

SUM(P.compute_units) >= 800 AND

COUNT(P.*) BETWEEN 8 AND 12

MINIMIZE

SUM(P.cost_per_hour);

Figure 2: Jordan’s package query in PaQL. The preference
directions: a VM with higher CU and lower cost is preferred.

The gap. Solver-based approaches treat every update as a fresh
problem; heuristics trade correctness for speed; and existing pre-
solve captures only the skyline, not the K-skyband.While K-skyband
queries have been studied in the skyline literature, prior work fo-
cuses on static computation or incremental maintenance of the
1-skyband (skyline) only [5]. We extend these techniques to main-
tain the K-skyband incrementally, prove that reduction preserves
optimality for package queries, and introduce a re-solve checker
that often skips re-optimization entirely. The result is exact opti-
mization at interactive speed.

3 SOLUTION SKETCH
Figure 1 depicts SKYPQ’s pipeline: it registers a package-query
template, computes the K-skyband, and maintains it incremen-
tally under updates, applying a re-solve checker to decide when
re-optimization is needed.

Modeling package queries. Following prior work on package
queries [3], we model the selection problem as an ILP. A package
query selects a multiset of tuples from a relation that optimizes a
linear objective subject to aggregate constraints. Each tuple 𝑖 has a
decision variable 𝑥𝑖 denoting howmany times it appears in the pack-
age. Constraints include per-tuple repetition bounds (0 ≤ 𝑥𝑖 ≤ 𝜌),
cardinality bounds (𝑘ℓ ≤

∑︁
𝑥𝑖 ≤ 𝑘𝑢 ), and aggregate constraints on

tuple attributes. The Package Query Language (PaQL) provides SQL-
like syntax for expressing these queries. Figure 2 shows Jordan’s
query in PaQL.

COP package queries. Dominance presumes a notion of “bet-
ter,” so we focus on a subclass we call COP (COnsistent Preference)
PQs: each constraint and the objective involves a single attribute,
and every attribute keeps the same preference direction wherever
it appears. In Jordan’s query, cost appears only in a MINIMIZE
objective (lower is better, direction −1) and CU only in a “≥” con-
straint (higher is better, direction +1). Consistent directions define
dominance: tuple 𝑝 dominates tuple 𝑞 if 𝑝 is at least as good as 𝑞 on
every attribute and strictly better on at least one, and a dominated
tuple cannot improve any package. If an attribute has no consistent
direction, for example one that is both maximized and minimized,
dominance is undefined and the reduction does not apply; SKYPQ
then solves the query as a standard ILP over the full relation.
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K-skyband reduction. The skyline (the tuples dominated by
zero others) is a standard concept in database queries [2]. But for
package queries with repetition bounds, the skyline is too aggres-
sive: a tuple dominated by one other might still appear in an optimal
package if its dominator is saturated (used 𝜌 times).We generalize to
the K-skyband: all tuples dominated by fewer than 𝐾 others, where
𝐾 = ⌈𝑘𝑢/𝜌⌉. This captures exactly the tuples that could plausibly
contribute to an optimal package. We can prove that optimizing
over the K-skyband yields the same optimal value as optimizing
over the full relation.

Skyband maintenance. The K-Skyband Maintainer stores the
skyband as a Z-order index [5]: tuples are ordered by their Z-address,
and each tuple carries its current dominator count as metadata. Be-
cause the Z-order places tuples that are close in attribute space
close in the index, an update typically consults a local neighbor-
hood rather than the whole relation. On insertion, a new tuple is
placed by its Z-address and admitted if fewer than 𝐾 tuples domi-
nate it; admitting it can raise another tuple’s count to 𝐾 and evict it.
Deletion works in the opposite direction: removing a tuple 𝑝 decre-
ments the count of every tuple that 𝑝 dominated, so an excluded
tuple, even one pruned earlier and anywhere in the relation, can
fall below 𝐾 and be promoted back into the skyband. Each update
thus costs a logarithmic lookup by Z-address plus a scan of the
affected region, and is proportional to the number of candidates
whose dominator count changes. In practice this is a small neigh-
borhood; it reaches the size of the relation only in the worst case,
when the edited tuple dominates a large fraction of it. 1

Re-solve checker. After maintenance, the optimal package of-
ten does not change, so before invoking the solver we test whether
the batch could have affected it. The current package remains opti-
mal if (i) none of its tuples were modified or removed and (ii) no
inserted or updated tuple entered the skyband, where it could im-
prove the objective. Deletions relate to both criteria: removing a
tuple outside the package only shrinks the candidate set and leaves
the package optimal, even when it promotes other tuples back into
the skyband, while removing a tuple from the package calls for
a fresh solve. Any such solve runs over the maintained skyband
rather than the full relation. Across our experiments, this check
skips the solver for the majority of batches.

Efficient package generation. Once the K-skyband is com-
puted, we translate the package query into an ILP and solve it with
any standard ILP solver2 ; this is fast because the skyband is far
smaller than the full relation.

4 DEMONSTRATION
We demonstrate SKYPQ on a synthetic catalog of 6,500 VM offers
to show how participants can observe dominance-based reduction
in action and understand why it preserves optimality while dramat-
ically shrinking the search space. We describe the user’s interaction
through two scenarios (Figure 3), first following Jordan, a platform

1For portability, the browser demo maintains the skyband incrementally with a linear
scan per edit.
2Our demo uses HiGHS [4], compiled to WebAssembly for browser portability;
generative-AI tools assisted its implementation, and the authors reviewed and verified
the resulting code.

engineer assembling the cheapest VM bundle that meets a per-
formance target, and then Kulli, a data scientist assembling the
highest-performance bundle within a fixed budget.

The interface is organized into three panels: a central scatterplot
displaying the full candidate space, a sidebar with step-by-step con-
trols that guide participants through the workflow, and a dialogue
panel that voices the current persona’s reasoning, explaining at
each step why a strategy works or fails (for example, why a greedy
package misses the target) so that participants follow the motiva-
tion behind each action, not only its result. The scatterplot shows
two attributes, CU and cost, for visual clarity; in general, domi-
nance and the K-skyband are defined over any number of attributes,
so higher-dimensional queries are reduced and solved the same
way and would be displayed through pairwise two-dimensional
projections.

Following Jordan. Step ➀ (Query setup): The participant con-
figures the package constraints: at least 800 CU in total, 8–12 VMs,
at most 2 copies of any single type, and an objective of minimiz-
ing cost. As they adjust these values, the interface previews how
each choice shapes the optimization problem, including the derived
value of 𝐾 that drives the reduction.

Step ➁ (Optimization workflow): The scatterplot initially
shows all 6,500 VMs as undifferentiated points. The participant
works through a progression of solution strategies, with the visual-
ization updating after each step. Selecting VMs by CU-per-dollar
produces a cheap but underpowered package that fails to satisfy
the workload target. Selecting by raw CU reaches the target, but at
unnecessarily high cost. Solving an ILP over all 6,500 candidates
displays the exact optimal package, but takes noticeably longer.

The key step is K-skyband computation. The system applies
dominance under the query’s preference directions (higher CU
and lower cost are preferred), and tuples dominated by at least 𝐾
others fade to gray. The remaining candidates stay highlighted, and
a counter confirms the reduction: fewer than 1% of the original
catalog survives. Solving the ILP over this reduced set returns
the same optimal package, now marked in green, but much faster.
The participant observes the central message: greedy methods are
fast but unreliable, full ILP is exact but expensive, and K-skyband
reduction preserves exactness while dramatically shrinking the
search space.

Step ➂ (What-if scenarios): With an optimal package in hand,
the participant triggers updates. Removing a VM from the current
solution updates dominance, promotes any newly uncovered candi-
dates into the skyband, and re-solves over the revised set. A price
change re-solves only if it alters skybandmembership or the current
optimum, and is otherwise safely skipped.

Step ➃ (Playground): Beyond the guided workflow, the par-
ticipant can interact directly with the candidate space, dragging
points to new positions, deleting candidates, or adding new ones
anywhere on the scatterplot. Each edit maintains the K-skyband
incrementally, updating only the affected dominator counts and
promoting points back into the band when a deletion frees them,
and then either re-solves over the retained candidates or, when the
checker determines the optimum cannot change, skips the solve en-
tirely. The playground reports the per-edit cost live, so participants
can weigh incremental maintenance plus the reduced solve against
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Figure 3: The SKYPQ demo interface guides participants through dominance-based data reduction. ➀ Query setup: define
constraints. ➁ Optimization workflow: compare greedy heuristics, full ILP, and K-skyband ILP. ➂ What-if scenarios: test
VM discontinued and price change updates, observe when re-solving is skipped. Also shown: progress tracker, visualization,
playground, and Jordan’s dialogue.

solving the full ILP over all 6,500 points, and watch the checker skip
re-optimization when an edit leaves the optimum untouched. This
illustrates that the K-skyband is not a static precomputed index but
an efficiently and dynamically maintained structure.

FollowingKulli. In our second scenario, the participant switches
to Kulli, a data scientist assembling a high-performance VM bundle
within a fixed budget. Where Jordan minimizes cost subject to a
CU threshold, Kulli maximizes CU subject to a spending limit, a
dual formulation over the same attributes. A budget slider lets par-
ticipants observe how the optimal bundle evolves as constraints
tighten. Crucially, Kulli’s query reuses Jordan’s K-skyband: dom-
inance depends only on preference directions (higher CU, lower
cost), not on whether the objective minimizes or maximizes. For
catalogs with thousands of options and multiple analysts issuing
different queries, the skyband becomes a shared index, computed
once and reused across objectives. Participants observe that Kulli’s
maximization query solves just as fast as Jordan’s minimization,
both benefiting from the same candidate reduction.

Demonstration engagement. Besides the guided workflow, par-
ticipants can adjust query parameters and observe how 𝐾 and the
skyband change, hover over points to inspect attributes and dom-
inance relationships, and run additional what-if scenarios with
different VMs and a guided tour helps first-time users.

Our demonstration showcases how dominance-based reduc-
tion makes exact package optimization practical under change. By
watching the candidate space contract, observing that the reduced

solve returns the same optimum, and triggering updates that the
system handles efficiently, participants gain concrete intuition for
why most tuples can be safely ignored.
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