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Abstract

Linear Programming (LP, MILP, ILP) solvers have been applied to
data management problems for decades, with increasing use in
the context of reverse data management and algorithmic fairness.
While numerical imprecision caused by floating-point arithmetic
is a known tradeoff made by fast solvers, it has received almost
no attention in the data management literature relying on these
tools. We demonstrate analytically and empirically that this can
be a costly mistake. Even when supplying a theoretically cor-
rect (MI)LP program, the solver’s answer may be incorrect, with
potentially severe implications. This paper proposes a general
solution that relies on “gap” parameters and efficient algorithms
to explore the combinatorial search space of their values. Barring
problem-specific solutions, current solver technology generally
forces a choice between severely limited performance (when us-
ing exact solvers) and approximate solutions with little to no
non-trivial quality guarantees (when using fast solvers that rely
on floating-point arithmetic).
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1 Introduction

Many fundamental data management problems can be modeled
as Linear Programs (LP), Integer Linear Programs (ILP), or Mixed
Integer Linear Programs (MILP). This includes exciting recent
work, from enhancing database engines with new features [5-
7,11, 21, 24] to solving problems in rankings [2, 3, 9, 10, 12, 13],
causality [22] and resource management [23]. They all focus on
efficient implementations that involve state-of-the-art (SOTA)
solvers! like Gurobi [16] and Cplex [19]. Those solvers have be-
come fast and scalable for real-world linear programs, but at a
price: they rely on precision tolerances and imprecise floating-point
arithmetic. While this limitation is well-known and documented,
including recipes for dealing with it [15], previous data manage-
ment research that uses these solvers does not seem to consider it
at all. (We also only recently started studying the issue [13].) We
show that this oversight can result in surprising and incorrect
outcomes. And we demonstrate both analytically and empirically
that there is no perfect solution.

» o«

IThese tools are also often called “optimizer”, “optimization studio”, etc. We use the

general term “solver”.
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Figure 1: Numerical imprecision

EXAMPLE 1 (FEASIBILITY IMPRECISION AND FEASIBILITY TOL-
ERANCE). Constraintx < 0 A x > 10710 is unsatisfiable, but
widely-used and SOTA solvers such as Gurobi [16], Cplex [19],
Scip [1] and Scipy.optimize [26] all claim that a feasible solu-
tion x = 0.0 exists. This minimal example highlights the inher-
ent tradeoff solvers make when relying on floating-point arith-
metic for performance. As Gurobi’s Guidelines for Numerical
Issues [15] reveal, a feasibility tolerance r > 0 (tau) for con-
straints causes ax — b > 0 for variable x and constants a, b to be
considered satisfied ifa * x —b > —tau.? In our example, as illus-
trated in Figure 1, this leads the solver to believe that x > 10710 g
satisfied by x = 0.0 when T = 10~°. As we discuss below, while ©
can be adjusted, it cannot be set to zero; and smaller values incur
a performance penalty. Hence, errors like this are a fact of life
when using fast solvers.

“We use typewriter font and code-like syntax to distinguish a floating-point

computation like a * X — b > —tau in a solver from the intended mathematical
meaning like ax — b > 0.

One may wonder if the issue in Example 1 could be addressed
by compensating for the tolerance: convert each constraint to
canonical form f(x) > 0 and pass it to the solver as f(x) > tau.
(Here x denotes a vector of variables.) Although it motivates
our general solution (Section 4), this idea does not make the
imprecision problem go away—if it did, solvers could apply it
internally. The precision tolerance is designed to counteract the
imprecise nature of floating-point arithmetic, but the true error
when evaluating a formula like f(x) cannot be precisely quanti-
fied: it depends not only on the specific values of variables and
constants and the number and type of operations, but also on
internal floating-point computations made by the solver while
deriving intermediate results. Hence, implementing f(x) > 0 as
f(x) > tau can reduce the number of false positives, i.e., variable
assignments the solver incorrectly believes to satisfy a constraint,
while potentially introducing false negatives, i.e., satisfying as-
signments the solver incorrectly rules out (Section 4). In addi-
tion to LP, which exclusively relies on continuous variables, the
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problem also affects MILP (see Section 3.2) and even ILP (see
Section 3.1), where all variables are integers.
This work makes the following main contributions:

e We discuss the numerical issues in fast solvers that are
most relevant for data management problems (Section 2).

o We show that data management techniques relying on fast
solvers are affected by their imprecision, causing incorrect
results (Section 3).

e We propose a systematic approach to detect and address
these problems with “gap parameters” (Section 4).

e Experiments demonstrate the effectiveness of both the
gap parameters and our heuristics for setting the gap-
parameter values and show that existing precise solvers
do not scale to realistic data problems (Section 5).

2 Numerical Imprecision in Solvers

Solvers using floating-point arithmetic overcome the severe scal-
ability limits of exact solvers (Section 5.4), but suffer from impre-
cision.

2.1 Problems Caused by Numerical
Imprecision

Imprecision-related problems are caused by floating-point arith-
metic, e.g., the widely adopted IEEE 754 standard. Its combi-
nation of fixed size (8 bytes for double precision) and hard-
ware support achieves huge performance benefits at the cost
of approximating the mathematical properties of the real num-
bers. For instance, 1==1+1e-16 and 1+1e16==1e16 evalu-
ate to True across different programming languages [15]. Sim-
ilarly, (1+1e-16) +1e-16==1+(1e-16+1e-16) evaluates to
False, meaning floating-point arithmetic may violate associativ-
ity. Small inaccuracies can amplify during a computation, like
in this program, which produces an error equal to the value of
expected, wreaking havoc on any computation involving f:

1 expected = 1000.0
» X = le-16 # below machine precision
3 X0 = (1.0 + x) - 1.0 # supposed to be equal to x, but actually @

f = expected * (x_0 / x)

5 error = abs(f - expected)

In general floating-point expression f(x) corresponds to real
number f(x) + E, where E could be 0, positive or negative. The
more complex the expression is, the more the individual errors
may compound. This induces feasibility imprecision and optimal-
ity imprecision in solvers that try to address the errors through
the corresponding tolerance parameters.? As illustrated in Ex-
ample 1, the feasibility tolerance slightly shifts constraints. The
optimality tolerance determines “feasibility of dual constraints,
i.e., whether ay < c for constants g, ¢ and variable y, holds for the
dual solution. More precisely, ay < ¢ will be considered to hold
ifasxy—c < OptimalityTol” [15]. As illustrated in Example 2,
this implies that the solver may return a solution that is slightly
worse than optimal, but “close enough:”

EXAMPLE 2 (OPTIMALITY IMPRECISION). For knapsack problem

max 100000.0001x1 + 3,90 0.1x;
st 1000000x; + 33109000 x; < 1000000

x; € {0,1}

There can be other tolerances in a solver, e.g., the integer feasibility tolerance for
the integrality of solutions.
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the optimal answer is x1 = 1 (all others zero) with objective value
100,000.0001. However, fast solvers may return x; = 0 and all
others set to 1, with suboptimal objective 100,000.0.

Note that despite realizing near-identical objective values, the
two variable assignments are opposites of each other. Example 2
also demonstrates that numerical problems appear even in the
context of ILPs, where all variables are integer. Although the
example uses non-integer coefficients in the objective, even for
integer coeflicients, scaling operations, e.g., applied by the user to
address numerical instability [15] or by the solver during interme-
diate computation steps, could result in non-integer coefficients.

2.2 Optimal or Not? How Close?

Given the answer to an optimization problem returned by a
fast solver, what can be inferred about the true optimum? In
general, “while it is true that for most practical optimization
problems, small perturbations in the input only induce small
perturbations in the final answer to the problem, there are some
special situations where this is not the case. These ill behaving
problems are called Ill Conditioned or Numerically Unstable” [15].
Conditioning is not a binary property, but a spectrum of the
quantitative impact of input perturbations on the objective. While
many heuristics exist, there is no general algorithm for accurately
estimating the approximation error and minimizing it—the user
must custom-design a problem-specific transformation of the
program.

We now provide an intuition of how floating-point imprecision
and the solver’s precision tolerances affect the answer in a non-
trivial manner. The interested reader may consult the extensive
literature on the problem, starting from the solver manual [15].
Assume we are given an LP minimization problem over variables
x where, without loss of generality, all constraints are of type
f(x) > 0. (Any constraint given in a different format can be
converted to this canonical form.)

Impact through constraints. When f(x) is close to 0, the solver
may incorrectly consider a feasible solution infeasible (false neg-
ative) or vice versa (false positive). Worse yet, depending on
internal choices made by the solver, e.g., the pre-processing or op-
timization algorithm it uses, the outcome may differ. The solver’s
feasibility tolerance 7 can prevent false negatives, as long as
7 exceeds the overall error. Unfortunately, a sufficiently tight
upper bound for that error is challenging to obtain, because it
depends on the values of variables and coefficients, the structure
of f, and even the solver-internal algorithms. And for a problem
with multiple constraints, a single 7 may be too coarse. Hence,
in general the solver’s view based on floating-point arithmetic
corresponds to a slightly expanded and/or reduced version of the
true mathematical region of feasible solutions for x. This means
that it may miss the true optimal answer or pick a spurious one
that in reality is infeasible as illustrated in Figure 2.

Impact through the objective. As shown in Example 2, when so-
lutions have similar objective values, the worse one may overtake
the better one due to imprecision. The optimality tolerance lets
the solver determine when to stop searching for a better answer.

In summary, the solver may ignore the true optimum; it may
pick a spurious better-than-optimum solution outside the true
feasible region; and among the solutions it considers, it may not
pick the best one. While this sounds pessimistic, in practice a
well-conditioned problem will provide an objective close to the
optimum. However, the difference may be large depending on
the problem instance. And even if the objective value is close
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(a) Relaxed constraints: false positives

(b) Stricter constraints: false negatives

G
(c) Both may happen at the same time

Figure 2: Impact of imprecise constraints on the solution space. The true space should be bounded by constraints Cy, Cy, C3,
but imprecision and tolerances may cause each constraint to be relaxed or stricter, and cause the solution space to expand,
shrink or shift in all directions as indicated by the dashed lines.

to the optimum, the variables may have very different values
(Example 2).

Can smaller tolerances eliminate numerical issues? Fast solvers
like Gurobi and Cplex let the user control precision toler-
ances [17, 18]. However, because of the inherent imprecision of
floating-point arithmetic, tuning of tolerances cannot eliminate
the problem. In fact, even for their lowest supported feasibility
tolerance 7 = 10~7, both Gurobi and Cplex still produced the
false positive from Example 1 and similar problems we explored.

3 Impact on Database Problems

To demonstrate that issues caused by numerical imprecision are
not just hypothetical, we study 2 recent solver uses for data
management applications.

3.1 Package Queries

Package queries [5-8, 21] utilize fast solvers for knapsack-style
ILP programs to identify a set of input tuples that optimizes a
linear objective while enforcing linear constraints over the tuples
in the package. For example, users can express “find a set of 3
gluten-free meals with 2,000 to 2,500 combined calories that has
the minimal total amount of fat” with an SQL-inspired query
language. The execution engine converts it to an ILP program,
relying on a fast solver to compute the optimal answer. In our
empirical evaluation we started with the original queries and
data from recent work [21], slightly modifying query constants
or individual tuples to determine if a minor change could trigger
incorrect results. The query below searches for groups of stars
in a partition of the galaxy-view data in the Sloan Digital Sky
Survey (SDSS) [25]. It minimizes the total mass T_mass, subject
to constraints on group cardinality and sums over the attributes
J,H,K:

min ¥ x; - T_mass;

P x = 15
S Jixiz by
Z;l:l Ki-xi > b3

s.t. DX <45
S Hi-xi <bs

S Ki-xi < by

The parameters by, by, b3, by enable the creation of versions of
the query. Similar to Example 2, our empirical evaluation shows
that despite all variables x; being integer, feasibility and opti-
mality imprecision can lead to spurious or suboptimal answers
(Section 5.1). Even for tiny differences in the objective value, the
technique might deliver a completely different package!
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3.2 Ranking Problems

Recent work on explanations, fairness and diversity for top-k
queries and rankings employs fast solvers to synthesize linear
scoring functions that satisfy constraints enforcing goals such
as representation, robustness, or approximation of a given rank-
ing [2, 3, 11-13]. The discrete nature of a ranking can amplify
tiny imprecisions. Let ds, be the hyperplane of weight vectors—
each vector defining a linear scoring function—for which tuples
s and r have identical scores. For vectors above s, s has the
higher score and thus would be ranked above r; and vice versa
for vectors below §s,. Imprecision can “teleport” a weight vector
close to ds, to the wrong side of the hyperplane. This means that
while the solver believes s to have a higher score than r, in reality
the order is reversed, turning a minuscule score difference into a
full order inversion. Common data properties can aggravate the
situation. For example, tuples with similar attribute values induce
similar hyperplanes, thus a weight vector might teleport through
multiple hyperplanes at once. Imprecision can also eliminate thin
feasible regions (and thus potentially the optimal solution) or
create spurious regions similar to Example 1. These problems
affect not only approaches that explicitly rely on the hyperplanes
to partition the search space [2, 3], but also those that use in-
dicators [12, 13]. In our empirical evaluation (Section 5.2), we
observed a massive impact from spurious regions.

4 Dealing with Numerical Issues

We now propose the first general solution for data management
techniques that rely on fast solvers by addressing both feasibility
imprecision and optimality imprecision. The former refers to the
discrepancy between a variable assignment truly satisfying a con-
straint vs the solver believing that it does (Example 1). The latter
means that the solver could return a variable assignment that,
even though it achieves a near-optimal objective value, differs
from the true optimal assignment (Example 2). It is important to
keep the following in mind:

LEMMA 1 (UNKNOWN OPTIMAL ANSWER). When using fast im-
precise solvers, we generally do not know the true optimal objective
value nor the variable assignment(s) that achieves it.

4.1 Addressing Optimality Imprecision

Lemma 1 implies that given a variable assighment X with ob-
jective value o returned by a fast solver, one cannot determine
how close o is to the true optimum or how similar X is to the
optimal assignment. This eliminates any type of directional or
gradient-based search procedure, leaving only grid search to ex-
plore diverse alternative assignments: Partition the space defined
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Algorithm 1: Gap-parameter grid search with verifica-
tion

1 Input: (MI)LP P(¢); grid points cand(¢) ;=1 _m

2 Output: best verified solution of P found

3 best_solution = NULL;

4 foreach grid point g € cand(e1) X - - - X cand(¢&p) do

5 Solution X = run fast solver on P(¢ = g);

6 | if X passes verifier then
7
8

| best_solution = winner( best_solution, X)
Return best_solution

by the variables into a grid, run the solver for each grid cell,
pick the winner among them and compare it with the optimal
objective value when the solver is executed over the entire space.

4.2 Addressing Feasibility Imprecision

4.2.1 Detection through Exact Verification. While it is not possi-
ble to determine if feasibility imprecision resulted in a suboptimal
answer (Lemma 1), we can check if the variable assignment X
returned by a solver satisfies all constraints. To this end, one can
select from a variety of exact-arithmetic libraries like BigDecimal
and BigFraction in Java or decimal and fractions in Python. Even
when the cost of exactly solving an optimization problem is pro-
hibitive, checking linear constraints is very fast. To verify X, first
retrieve the values of all variables from the solver. Then evaluate
each constraint one-by-one, reporting those that fail verification.
We can similarly evaluate the objective function to determine its
exact value. However, a match or mismatch between the exact
objective value and the value returned by the solver does not
prove or disprove the optimality of X. Based on this verification
process, which (1) determines if the given assignment X is valid,
i.e., satisfies all constraints, and (2) returns the exact value of
the objective function for X (instead of the solver-reported one),
we design an algorithm that automatically searches for better
solutions by exploring gap parameters.

4.2.2 Gap Parameters. For the remainder of the discussion,
let P denote the original linear program with all its m con-
straints in canonical form, i.e, fj(x) > 0,j = 1,...,m. If any
fi(x) > 0 fails verification, i.e., the solver believes f_i(x) > 0
but the verifier determines that f;(x) < 0, we tighten the con-
straint to f_i(x) > ¢_i, using a gap parameter ¢; > 0. Define
&£=(€1,...,6m) and let P(&) be program P with each constraint
fi(x) > 0 replaced by the tighter version f_j(x) > £_j. For
a sufficiently large ¢; that overcomes the solver imprecision,
the assignment will pass verification of the original constraint
fi(x) > 0. However, setting ¢; too high may eliminate the true
optimum.

Unfortunately, there is no well-defined “optimal” value for
each individual ¢;. In general, it could depend on the assignment
X, which in turn is affected by the gap parameters of all other
constraints. Hence, one must holistically “guess” the entire vector
€. This, like for optimality imprecision, implies the need for grid
search, but on the values of € = (¢1, . . ., &), instead of the input
variables. Algorithm 1 shows the implementation of this idea.
Given candidate values for each gap parameter, it solves the
corresponding optimization problem and keeps track of the best
assignment that passed the verification.

4.2.3  Practical Gap-Parameter Tuning. Like for grid search in
other contexts, such as hyper-parameter tuning for machine-
learning models, it is doubtful that a general algorithm with
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optimality or approximation guarantees can be found for gap-
parameter tuning. Hence, we propose heuristics and provide
practical suggestions. For better exposition, assume P has 4 con-
straints and the user wants to explore 10,000 gap-parameter
combinations.

Adaptive search exploits an approximate notion of monotonic-
ity of gap parameters: larger values for ¢; tend to reduce the
number of false positives (assignments returned by the solver
that fail verification), while potentially introducing more false
negatives (valid assignments excluded). This holds only in the
sense of a correlation, i.e., one generally cannot exclude the pos-
sibility that the assignment obtained for a smaller “lucky” ¢;
passes verification, while the assignment obtained for a larger ¢;
fails (even when holding all other gap parameters constant). The
heuristic starts with a coarser grid and then refines it in promising
regions. The idea is that around a successfully verified solution,
there may be others that also pass verification, but potentially
improve the objective, especially when their gap-parameter val-
ues are slightly lower. In the example, 10,000 combinations could
be generated as follows: Start with a coarse grid of 7 values per
gap parameter, for a total of 2,401 combinations. For the top-3
(in terms of the objective value) that pass verification, apply the
same 7-values-per-dimension idea, but now to the neighborhood
around each of these top-3 candidates.

Geometric sequence. It is important to identify the right order
of magnitude for each gap parameter. Hence we recommend a
geometric sequence of values in each dimension. For example,
to explore 4 values between 0.001 and 1.0, use (0.001, 0.01, 0.1,
1.0) instead of (0.001, 0.34, 0.67, 1.0). This dovetails with adaptive
search.

Dimensionality reduction. Inspired by the single global feasi-
bility tolerance of Gurobi, we can use a single gap parameter ¢,
ie,sete =¢ = & = -+ = gy. This trades flexibility for more
fine-grained coverage of gap values. In the example, instead of
trying 10 different values in each of the 4 dimensions, one can
now check 10,000 values for the single gap parameter. Between
the extremes, one can exploit problem symmetries to identify
groups of related constraints and assign the same gap parameter
to each group member as the following case study illustrates.

4.2.4 Case Study: Ranking with Ties. Consider the problem
of ranking tuples by their scores, where score(r) is a float-
ing point number computed as a weighted sum over r’s at-
tribute values. Since it is not meaningful to check for equal-
ity of floating point numbers, tuples r, s are considered tied iff
—a < score(r) —score(s) < a, for some small precision tolerance
a > 0. SOTA linear programs for ranking problems rely on indica-
tor variables [11-13] to model tuple ordering. For tuple pair (r, s),
drs = 1 indicates that r beats s and §,s = 0 indicates that it does
not. Hence (6rs = 1,85 = 0) when r beats s, (s = 0,5 = 1)
when s beats r, (s = 0,85, = 0) when r and s are tied, and
(6rs = 1,85 = 1) is invalid.

This results in the following constraints in the linear program

for each tuple pair (r, s) of interest:
Srs=1 =

Srs=0 =

score(r) — score(s) > a

@

score(r) — score(s) < a

Converting to canonical form f(x) > 0 and replacing 0 by the
gap parameter, we obtain

Ors =1
Ors =0

= score(r) — score(s) — a* > 1,5

®)

= —score(r) +score(s) + a > ez,



Here ot denotes a value marginally greater than « to convert
the strict inequality to a non-strict one.

For 100 tuples and the problem of approximating a top-5 rank-
ing, there are 990 constraints. Even trying only 2 candidate values
for each gap parameter would result in a grid with 2°%° combina-
tions, requiring dimensionality reduction. Exploiting symmetry, a
natural approach could be to assign the same ¢; to all constraints
for indicator value 1, and ¢, to all constraints with indicator value
0. This may be preferable over using the same ¢ for all constraints,
because a larger gap may eliminate ties: From the constraints
for (6rs = 0,85, = 0) we derive 2a > 3,5 + €2,5r, establishing an
upper bound on the corresponding gap values.

5 Experiments

We present evidence that solver imprecision impacts data man-
agement applications (Sections 5.1 and 5.2), that our gap param-
eters are effective (Section 5.3), and that exact solvers are not
viable for realistic data management applications (Section 5.4).
Setup. The ranking experiments are built on the open-source
code provided by [13] and tested in Java 18. The package query
and scalability experiments are tested in Python 3.13.11. We use
library/package versions 13.0.0 for Gurobi and 4.16.0.0 for Z3.
All experiments are executed on a Windows 11 laptop with an
Intel(R) Core(TM) Ultra 9 275HV processor and 32GB RAM.

5.1 Impact on Package Queries

We solve Equation (1) for different values of by, by, b3, bs. Let X3
be the assignment returned by the solver. If it fails verification,
we have evidence of feasibility imprecision. If it passes, we adjust
by so that Xj lies by 1079 outside the feasible region, i.e., it should
now be infeasible. If the solver still returns it as the optimal
answer, this also provides evidence for feasibility imprecision. In
[21], 4 values are provided for each of by, by, b3, by, resulting in
256 combinations. We create 100 test datasets, each by randomly
sampling 45 tuples from the original dataset. Then we apply each
of the 256 constraint variants to all 100 test sets to check for
feasibility imprecision whenever a solution exists. Out of the
25,600 runs, X fails verification in 8 of them, affecting 2 of the
100 test sets. When adjusting b in the others to exclude X3, in
444 cases the solver still returns the now invalid assignment,
affecting 73 of the 100 test sets.

To demonstrate optimality imprecision without knowing the
true optimum (Lemma 1), we designed the following approach:
After receiving Xj, remove one of its selected tuples from the
input, forcing a different solution X, when running the solver
again. Using exact arithmetic, check if X; and X, have the same
objective value. If they do, restore the original input and make
X, slightly worse than X; by adding 1077 to T_mass of a tuple
that appears in X7, but not X». If the solver still returns X; on the
modified input, it provides evidence of optimality imprecision.
For example, on the original input X; and X3 both had objective
value 62.5, but the solver believed it to be 62.4999997 for X; and
62.4999999 for X;. After the input modification, the solver’s belief
of X;i’s objective increased to 62.4999998, still seemingly beating
X>. Using the methodology from the feasibility-imprecision ex-
periment, we created 1000 test sets. Out of the 256,000 runs, we
found suitable pairs X1, Xz in 356 of them. After injecting 107
to make X; worse than X, the solver still returned X; in 16 runs,
affecting 2 test sets.
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While the number of errors caused by imprecision may appear
low, note that (1) they include only cases where we could prove
their impact and (2) even a single occurrence demands a solution.

5.2 Impact on Ranking Problems

We first quantify the appearance of feasibility imprecision in
indicator-based programs that synthesize a scoring function for a
given top-5 ranking [13] on real datasets NBA [20] and CSRank-
ings [4]. From each dataset, 100 test sets are generated, each by
sampling 5 attributes and 100 tuples. When ignoring numerical
issues, the numbers are staggering: In 16% of NBA and 72% of
CSRankings instances, the solver’s view differed from the true
ranking!

We then study the impact of feasibility imprecision on partition-
based approaches to ranking problems [3]. Partitions are defined
by recursively splitting the problem space with hyperplanes
equivalent to the indicators: linear scoring functions where tuple
r beats s lie above the hyperplane, those where s beats r lie below,
and ties lie right on it. Due to the high computational cost, we
use a small real dataset with the player stats (8 attributes) of the
top-8 NBA players in the 2023/24 MVP ranking. There are 28
unique hyperplanes, one per player pair. After each split, the
solver is used to check if the corresponding intersection of half-
spaces exists, otherwise terminating the branch. The approach
constructs a tree of 99,593 nodes and solves 162,521 linear pro-
grams. Our verification shows that among the 49,797 leaf nodes,
the solver selects a bad representative (a point outside the leaf’s
region) for 49,585 of them—99.57%! This is partly caused by the
solver picking solutions near the boundary, but possibly also by
spurious regions due to feasibility imprecision. Applying our gap
parameters, execution time drops to 1/10 as the resulting tree
only has 6,623 nodes and solves 15,890 linear programs. Now
all 3,312 leaf nodes are valid regions and the solver picks points
truly inside them.

5.3 Effectiveness of Gap Parameters

We applied Algorithm 1 to the indicator-based programs for
approximating a top-5 ranking (Section 5.2). When synthesizing
a scoring function, an assignment that fails verification is still a
valid scoring function. It simply does not produce the ranking
the solver thought it would. When picking an assignment that
appears better, but in reality leads to a worse ranking, imprecision
introduces an error. After running the 100 programs for each
dataset, we report (1) how many of them failed verification and
(2) the relative error compared to the best ranking found. We set
tie tolerance a = 1073,

Table 1 summarizes the main observations. When ignoring
numerical issues (original problem), 16 and 72 out of 100 problem
instances fail verification for NBA and CSRankings, respectively.
This leads to a greater ranking-approximation error. In contrast,
all variants of applying our gap parameters completely eliminated
verification failures and extra approximation error compared to
the best scoring functions found across all methods. Here it did
not matter if we used a single gap parameter for all constraints
(geometric sequence of 90 grid points between 10710 and 1071)
or 2 gap parameters depending on the indicator’s value (10-by-10
grid with values between 10710 and 10_1); or if we used adaptive
grid search (start with 10 points in range 107'° and 107!, then
refine twice with 10 new grid points around the best initial value).
This demonstrates the robustness of Algorithm 1.
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Table 1: Impact of gap parameters

Approach [ Dataset [ Incorrect objective [ Extra error | Number of grid points | Avg runtime

Original NBA 16% 13.1% 1 126ms

Single gap parameter NBA 0% 0 90 11217ms

Two gap parameters NBA 0% 0 100 13065ms

Adaptive search with single gap parameter NBA 0% 0 31 3967ms
Original CSRankings 72% 21.7% 1 32ms

Single gap parameter CSRankings 0% 0 90 2969ms

Two gap parameters CSRankings 0% 0 100 3311ms

Adaptive search with single gap parameter | CSRankings 0% 0 31 1023ms

20.0 30

-
~
wn

N

&)

=
Noo
v o
N
o

~
w
= =
o w
Average extra error ratio (%)

v
=}

(6]

Incorrect objective percentage
=
o
o

N
s

10°° 107  10°°
Gap parameter

0.0 L
1071

1073

Figure 3: Impact of the gap parameter

4]
10 —+— Gurobi
103, Z3
o 102,
£
=
= 101,
S
2
3 100,
2
@ 1071
1072
10737 ‘_‘/ﬁ\‘/ﬁ_‘f—ﬁ_‘
10 15 20 25 30 35 40 45

Number of tuples

Figure 4: Precise solver vs imprecise solver

Figure 3 shows more details for the single-gap-parameter ex-
periments. As expected, increasing the gap value reduces the
number of failed verifications. This initially lowers the ranking
approximation error because the solver does not pick bad scor-
ing functions that appear better than they are. However, for gap
values beyond 1073 the error increases as good solutions are
eliminated (false negatives). Here the large gap value eliminates
ties, thus penalizing rankings containing tied tuples.

5.4 Why Not Use Exact Solvers?

Exact solvers like Z3 [14] can find a true optimal answer for
certain problems but do not scale to realistic data management
problems. In this representative experiment, we compare the
execution time of a fast imprecise solver (Gurobi) to an exact
solver (Z3) on synthetically generated knapsack problems. Each
tuple in the dataset has an integer weight and value, drawn
uniformly at random from range [1, 10] and [1, 100], respectively.
The problem asks for a set of tuples with maximum total value
that does not exceed the weight capacity (set to 100). We vary
the number of input tuples and report the execution time, which

99

is an average over 3 executions for each solver. Figure 4, with a
log-scaled y-axis, shows that the exact solver (Z3) is much slower
and scales poorly as input size increases. It needed more than 2
hours for a problem with 45 input tuples, while Gurobi solved it
on a dataset of 100,000 tuples in 1 sec.

6 Conclusion

This paper represents an initial step toward a deeper understand-
ing of how the imprecision of fast solvers affects the data man-
agement techniques that rely on them. We propose the first sys-
tematic solution that uses gap parameters for automatically navi-
gating the tradeoff between not eliminating the true optimum
and introducing spurious solutions that violate some constraints.
Our empirical studies demonstrate that the issue “is real” and
that our gap-parameter-based approach addresses it. Given the
rising popularity of (MI)LP solvers for exciting data management
research from reverse data management to ranking fairness, our
results contain an important lesson: It is not sufficient to propose
a theoretically correct (MI)LP solution, unless one wants to wait
for exact solvers to dramatically improve their performance. Data
management techniques relying on fast imprecise solvers must
study the impact of imprecision, must verify results, and must
determine if the solution found is acceptable.
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Artifacts

The ranking experiments are built on the open-source code
provided by [13] at https://github.com/northeastern-datalab/
rankhow. We provide the code for the package query and scal-
ability experiments online at https://github.com/northeastern-
datalab/numerical.
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