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—— Abstract

In the dynamic set cover problem, the input is a dynamic universe of elements and a fixed collection of

sets. As elements are inserted or deleted, the goal is to efficiently maintain an approximate minimum
set cover. While the past decade has seen significant theoretical breakthroughs for this problem, a
notable gap remains between theoretical design and practical performance, as no comprehensive
experimental study currently exists to validate these results.

In this paper, we bridge this gap by implementing and evaluating four greedy-based dynamic
algorithms across a diverse range of real-world instances. We derive our implementations from
state-of-the-art frameworks — such as [GKKP(STOC’17); SU(STOC’23); SUZ(FOCS’24)] — which
we simplify by identifying and modifying intricate subroutines that optimize asymptotic bounds but
hinder practical performance. We evaluate these algorithms based on solution quality (set cover size)
and efficiency, which comprises update time — the time required to update the solution following each
insertion/deletion — and recourse — the number of changes made to the solution per update. Each
algorithm uses a parameter 8 to balance quality against efficiency; we investigate the influence of
this tradeoff parameter on each algorithm and then perform a comparative analysis to evaluate the
algorithms against each other. Our results provide the first practical insights into which algorithmic
strategies provide the most value in realistic scenarios.

2012 ACM Subject Classification Theory of computation — Dynamic graph algorithms
Keywords and phrases Dynamic graphs, set cover, recourse
Digital Object Identifier 10.4230/LIPIcs.SEA.2026.26

Supplementary Material Software (Source Code): https://github.com/AmitaiUzrad/DynamicSet
Cover, archived at swh:1:dir:cdd07082643da3d6c72b5a349f5c70d1calc736f

Funding Funded by the European Union (ERC, DynOpt, 101043159). Views and opinions expressed
are however those of the author(s) only and do not necessarily reflect those of the European Union
or the European Research Council. Neither the European Union nor the granting authority can be
held responsible for them. This research was also supported by the Israel Science Foundation (ISF)
grant No.1991/1.

Acknowledgements The author is sincerely grateful to Prof. Shay Solomon for providing a supportive

research environment that made this work possible.

1 Introduction

Static Set Cover. The minimum set cover problem is a fundamental cornerstone of combin-
atorial optimization. As the canonical covering problem, it encapsulates several well-known
variants, including minimum vertex cover, dominating set, and edge cover. Formally, given a
universe U of n elements and a family F of m subsets of U, the goal is to find a minimum-sized
collection C C F such that every element in I/ is covered by C. The frequency f of the system
is the maximum number of sets that each element in &/ can be contained in. Two classic
approaches define the approximation landscape for this problem: a greedy strategy yields
roughly a (Inn)-approximation, while a primal-dual approach achieves an f-approximation.
These bounds are widely believed to be tight; unless P = NP, no algorithm can achieve
a (1 — €) Inn-approximation [24, 53], and assuming the Unique Games Conjecture, the
f-approximation is likewise optimal [42].
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Dynamic Set Cover. Over the past decade, research on the dynamic set cover problem has
expanded rapidly [1, 5, 10, 11, 12, 13, 14, 18, 32, 49, 50, 51]. In this setting, the universe U
is modified through a sequence of update steps; in each update step, an element is either
inserted into or deleted from U/. Throughout this sequence, the family of sets F remains
static, and the universe size is bounded by |[U| < n. Algorithms in this field are generally
categorized into the low-frequency regime (f < lnn) and the high-frequency regime (f > Inn).
The objective is to maintain a near-optimal approximation — near f or near Inn, respectively
— while maximizing efficiency. The most common efficiency metric is the update time, the
time required to update the solution following each insertion/deletion. Additionally, there is
growing research interest in the recourse [2, 4, 6, 8, 9, 17, 19, 20, 30, 31, 32, 33, 34, 45, 48, 49],
which measures the number of changes made to the maintained solution per update step, a
metric of increasing importance in dynamic environments where stability is required. Both
metrics can be analyzed in terms of their amortized (average) or worst-case (maximum)
performance.

Previous Results in Theory. While several works have dynamized the primal-dual approach
for the low-frequency regime [1, 5, 10, 11, 12, 13, 14, 18, 32, 50, 51], this paper focuses on the
high-frequency regime, where algorithms dynamize the greedy approach. Table 1 summarizes
the key theoretical results for this regime, focusing only on those with low update time.

Table 1 Summary of low update time results for dynamic set cover in the high-frequency regime.
Amortized results for update time and recourse are in black, worst-case results are in blue.

Reference Approx. Factor | Update Time Recourse Comments
c-lnn ogn - c>
32] STOC’17 1 O(f1 1000
[49] STOC23 B lnn 0 (g_f’gl;g) 0 ((ﬁ){) for any § > 1
[51] FOCS’24 S-Inn o) (g;ljf;;) - for any 1 < 8 < 1.25
[10] STOC26 O(logn) O(flog®n) O(logn) -
[50] ICALP’26 28-Inn 0 (g;ljf;;) 0(5) |forany1<p<125

Previous Results in Practice. The field of dynamic algorithm engineering has seen substan-
tial practical progress in recent years, with breakthrough results for several problems such as
maximum independent set, edge orientation, and many more (see [3, 15, 16, 27, 28, 29, 35,
36, 37, 38, 39, 40] and references therein). However, while experimental results exist for other
settings of the set cover problem — such as static and streaming (see [22, 26, 44, 47, 52, 54]
and references therein) — the dynamic setting remains entirely unexplored empirically. This
absence of practical study is a significant oversight, as the complex structures used to achieve
optimal theoretical bounds often perform differently under real-world workloads. This gap
persists for two primary reasons: first, the major theoretical breakthroughs only occurred
within the last decade; second, and more importantly, these algorithms are inherently difficult
to implement, often relying on intricate subroutines designed solely to preserve asymptotic
guarantees rather than practical performance.

Our Contribution. This work provides the first empirical study of dynamic set cover,
bridging the gap between theoretical design and practical performance. We implement and
evaluate four greedy-based algorithms across several real-world instances of varying scales.
Our focus is on algorithms with amortized efficiency guarantees rather than worst-case bounds.
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This choice is motivated by practical simplicity; algorithms with worst-case guarantees often
require complex “background” processes that run multiple systems simultaneously (as
in [10, 50, 51]), introducing significant overhead. The algorithms presented in Table 1 consist
of several intricate procedures and constraints designed solely to optimize asymptotic bounds,
which can hinder practical performance. We investigate which ones provide value and which
constitute bottlenecks in practice, leading us to implement the following simplified versions:

1. The “robust” algorithm: A novel and simple algorithm based on a key property
established in [50].

2. The “local” algorithm: A simplified implementation of the algorithm from [32]. To
achieve a practical approximation — avoiding the large ratio of > 10001nn — we sacrifice
the theoretical O(flogn) update time in favor of better performance in practice.

3. The “partial” algorithm: A simplification of the algorithm from [49]. We modify
complex procedures intended to reduce the theoretical update time as they often increase
practical update time.

4. The “global” algorithm: A further simplified version of the amortized variant in [51].
Notably we allow S > 1.25, which technically weakens theoretical guarantees but is
essential for significantly reducing practical update time.

Our evaluations rely on three metrics, all amortized: set cover size, update time, and recourse.
Each algorithm uses a tradeoff parameter [ to balance solution quality (size) against efficiency
(update time and recourse). We first evaluate the influence of 8 on each algorithm individually,
and then perform a comparative analysis between the four algorithms.

Paper Organization. In Section 2, we discuss and analyze the static greedy algorithm, its
implementation, and its properties, as it serves as the foundational building block for all our
dynamic algorithms. Section 3 introduces the “robust” algorithm and analyzes its theoretical
performance in comparison to the naive baseline which recomputes the set cover from scratch
at every update step. In Section 4, we present and analyze the remaining three algorithms,
highlighting how they differ from their original theoretical versions. Section 5 is dedicated to
the experimental evaluation; we describe the instances used, detail our methodology, and
present a discussion of our results. Finally, we conclude the paper in Section 6.

2 The Static Greedy Algorithm

In this section, we present and analyze the static greedy algorithm that serves as the
foundation for all dynamic algorithms discussed in this paper. In the classic static greedy
algorithm, sets are selected iteratively: in each step, we choose a set s € F that covers
the maximum number of uncovered elements, add it to the solution C, and update the
collection of uncovered elements. This process repeats until all elements are covered, yielding
a (Inn 4+ 1)-approximation [21, 41, 43]. However, as observed in [22], identifying the absolute
maximum set is computationally expensive in practice, requiring either a priority queue with
an inverted index or multiple passes over the instance. In [22] it was further observed that
relaxing this greedy requirement by choosing sets that are merely close to the maximum can

drastically reduce practical running time with negligible impact on the approximation factor.

Formally, the sets are partitioned into [logz n| + 1 levels for a constant 3 > 1. Each set
s € F is initially placed at level [ = [logg |s|]. The algorithm then iterates through levels
from highest to lowest. For each set s at the current level I, we check if it still contains
at least B! uncovered elements. If it does, s is added to C and its elements are marked
as covered. Otherwise, s is demoted to the highest level I’ < [ such that the number of
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uncovered elements it contains is > ﬂl/; if no uncovered elements remain, the set is removed.
The pseudo-code for this procedure is provided in Algorithm 1, called with & = U and
S={seF|snU +#0}.

Algorithm 1 StaticGreedy(€,S,8).

1 C + 0
2 for s € S do

3 ‘ Place s at level [logg |s N E|[;

4 for [ from [logg |€]] downto 0 do

5 while level [ is not empty do

6 Choose arbitrary set s from level [;
7 if sN&| > B then

8 C + CU{s};

9 E—EN\N(sNE);
10 else

11 if [sN&| > 0 then

12 ‘ Place s at level [logg |s N E|[;
13 else

14 ‘ Place s at level —1;

15 return (C);

The asymptotic complexity of Algorithm 1 is O(n + mlogs n), accounting for the worst-case
scenario where every set descends through all levels — a behavior rarely observed in practice.
Before analyzing the approximation factor, we present the following key definitions that are
central to both the static and dynamic algorithms:

» Definition 1. Denote by cov(s) C s the elements that were removed from the collection of
uncovered elements due to the addition of s to C by Algorithm 1. If s ¢ C then cov(s) = ().

» Definition 2. Denote by lev(s) the level from which s was added to C, where we define
lev(s) = —1 if s ¢ C. Similarly, for each e € cov(s), let lev(e) = lev(s).

» Definition 3. For any s € F and j <loggn, j € N, let Nj(s) = {e € s | lev(e) < j}.

Intuitively, each cov(s) contains the elements for which s is “responsible for covering”. Since
every element is removed from the uncovered collection by exactly one set, the collection of
all cov(s) forms a partition of &. The following observations hold after running Algorithm 1:

» Observation 4. For any s € C, |cov(s)| > B'*v().

Proof. This follows immediately from Line 8 in Algorithm 1 by definition of lev(s). |

» Observation 5. For any s € F and j <logzn, j € N we have [N;(s)| < 3.

Proof. Assume by contradiction that exist s and j such that |N;(s)| > 37. If lev(s) > j, then
when s was added to C, every uncovered element e € s was assigned to cov(s) and thus obeys
lev(e) > j; so N;(s) = 0, a contradiction. If lev(s) < j, then right after level j was processed,
s was not in C and was at some level j/ < j. At that time, all elements in N;(s) were
uncovered by definition, so |s N E| > |N;(s)| > 7. However, whenever s is placed at a new
level (lines 4 and 13), we assign it to the highest level I’ such that the number of uncovered
elements it contains is > 8. Since the number of uncovered elements never increases, we
cannot have |s N &| > 37 while s remains at a level less than j, a contradiction. <
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Informally, Observation 4 shows that every set is positioned at its “correct” level, while
Observation 5 implies that no set can ascend to a higher level by claiming low-level elements
and increasing their levels. Essentially, all elements are positioned “as high as possible”,
which captures the greedy principle in action: elements are effectively chosen at the earliest
possible opportunity. As it turns out, Observations 4 and 5 suffice for the approximation
analysis, and this point will be emphasized after the following approximation factor lemma.

» Lemma 6. Algorithm 1 produces a solution C with approximation factor 8- (In(n) + 1).

Proof. For each element e define g, = 57'°V(¢). For each set s € C, we know by Observation 4

that |cov(s)| > 4'*(*) and thus 1 < ) @e- Summing up on all sets in C we obtain:

e€cov(s

Cl<> g (1)
ecU

Denote by s1, So,. .., sk the sets in an optimal set cover, and consider one of these sets s;.

Let s; = {e1, €2, ..., ey, }, where x; = |s;|. Notice that each element e; € s; is not necessarily

in cov(s;). Without loss of generality assume that lev(e;) > lev(ez) > ... > lev(ey, ).

> Claim 7. For any e; € s; we have that g.; < %JH

Proof. Assume by contradiction that g., > %_Lﬁ_l and denote | = lev(e;). Rearranging, we
get that z; — j +1 > B*1. Since lev(ej) < for any j’ > j, we know that all the (z; —j +1)
elements e;,€j41,...,€5, are at a level <[. Since all these elements are in s;, we know that
INiw1(si)| >z — j + 1> B contradicting Observation 5. <

Equipped with Claim 7, summing up on all e € s; we get that Zeesi ge < B-(1+ % + % +
...+ L)< B-H, <B-(In(n)+1), where H, is the n’th harmonic number. By summing up
on all k£ sets in an optimal solution, we obtain:

k k
> @<y f-(nm)+1)=k-5-(In(n) +1). (2)
i=1

i=1 e€s;

Since an optimal solution covers all elements, we know that:

k
<> D e (3)

ecU i=1 e€s;

Combining Equations 1, 2 and 3, we get that ‘%l < 8- (In(n) 4+ 1), concluding the proof. =

Thus, the approximation factor incurs only a slight overhead of 8 compared to the classic
greedy algorithm. The key insight is that this result relies solely on Observations 4
and 5. Consequently, any partition of I/ into cov sets and corresponding levels that satisfies
these two observations will yield a 8- (Inn + 1) approximation by including all sets with
non-empty cov sets, regardless of how it was obtained. This is crucial because the
dynamic algorithms presented in Section 4 maintain an element partition that satisfies a
“relaxed” version of these observations. We conclude this section with the following theorem:
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» Theorem 8. Consider an assignment of each element e € U to a set s € F
containing it, and for each s € F denote by cov(s) the elements assigned to s. Place
each set s such that cov(s) # () at an integer level lev(s) € [0, [logg n]] (for constant
B > 1), and place each e € cov(s) at level lev(e) = lev(s). C = {s € F | cov(s) # 0} is
a B - (lnn+ 1)-approzimate set cover if the following two properties hold:

1. For any s € F such that cov(s) # ) we have |cov(s)| > B'V(%).
2. For any s € F and j <loggn, j € N we have [{e € s | lev(e) < j}| < 7.

3 Basic Dynamic Algorithms

In the dynamic setting, the collection of sets F is fixed, but elements are inserted into or
deleted from U at each update step. The naive baseline re-runs Algorithm 1 after every
update; while this maintains a 8 - (Inn + 1) approximation, this is extremely inefficient.
Instead, our first dynamic algorithm leverages a “robustness” property established by [50].
Informally, we execute the static greedy algorithm only intermittently and simply maintain a
valid solution between runs, significantly reducing the update time.

3.1 The “Robust” Algorithm

We begin with a key claim that forms the basis of our first dynamic algorithm.

> Claim 9. Let C be a solution produced by Algorithm 1. For any 1 < § < 2 and any
collection of deleted elements D C U such that |D| < (8 — 1) -|C|, the optimum set cover size

k' for the remaining elements U \ D obeys k' > %
Proof. Denote by s1,s2, ...,k the sets in an optimal set cover for the new system with

universe U \ D. Since Observation 5 remains valid, the logic from Lemma 6 still yields:

v
3 <> Y <k B (Inn+1). (4)

eeU\D i=1 e€s;

While Observation 4 may no longer hold following the deletions, we have by Equation (1):

CI<Y ge= D g+ Y ¢< >, ¢+[DI< > g+ (B-1)-[C|. ()

ecU ecU\D eeD ecU\D ecU\D

Rearranging and substituting Equation (4) gives the desired ratio, concluding the claim. <

The “robust” algorithm operates in discrete intervals. At the start of the i-th interval, we
compute a set cover C; and set the interval length to (8 — 1) - |C;| update steps. Throughout
this period, the algorithm naively maintains feasibility: if an inserted element e is not covered
by the current solution, an arbitrary set s 3 e is added to the cover. Once the interval
ends, we re-run the static greedy algorithm to obtain C;;; and initiate the next interval.
Algorithm 2 provides the pseudo-code for a single update step, where e is the updated
element, S(e) is the collection of sets containing it and r is a parameter used to track the
remaining steps in the current interval. The algorithm uses Algorithm 1 as a subroutine.

52
2-p

> Claim 10. Algorithm 2 maintains a ( -(Inn + 1))—appr0ximate set cover C.
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Algorithm 2 UpdateRobust(e,S(e)).

if insertion then
U +—UU{e};
if CNS(e) =0 then
Choose arbitrary s € S(e);
C + CU{s};
else
‘ U+—U\{e};
rr—1;
if »r =0 then
S+ {seF|snU+#0};
r « (8 — 1)-|StaticGreedy (U,S,5)];

© 0O N O oA W N =

1

o

1

=

Proof. Each insertion can increase the solution size by at most one and never decreases the
optimum size. During the i-th interval, which lasts (8 — 1) - |C;| steps, the solution size
remains < g - |C;|. Applying the bound from Claim 9 yields the claimed approximation. <

The amortized update time and recourse of the “robust” algorithm depend primarily on the
average solution size. Large solutions result in fewer re-runs of the static greedy algorithm,
minimizing both amortized update time and recourse. Conversely, small solutions shorten
the intervals, diminishing the efficiency gains over the naive baseline.

4 Level-Based Dynamic Algorithms

In this section we present three dynamic algorithms that are simplifications of known
theoretical algorithms. Although they are far more complex than the “robust” algorithm,
they are based on maintaining an assignment of elements to sets, as well as elements and
sets to levels, that satisfies a relazation of the two properties defined in Theorem 8. The
distinction between them lies in how they implement these relaxations. The first algorithm
(Section 4.1) maintains a local relaxation of both properties in Theorem 8. The second
algorithm (Section 4.2) maintains a global relaxation of the first and a local relaxation of the
second. The third algorithm (Section 4.3) maintains a global relaxation of both. Intuitively,
a local relaxation signifies that each individual set satisfies the property within some added
slack. In contrast, a global relaxation implies that the property is maintained “on average’
across the entire collection of sets. In all three algorithms, the maintained set cover C consists

i

of all sets s € F such that cov(s) # (). This construction ensures that a valid solution is
always maintained, even in cases where our simplifications modify the procedures required to
preserve certain theoretical asymptotic guarantees.

4.1 The “Local” Algorithm

In this section we introduce the “local” algorithm, a simplification of [32], which maintains a
per-set relaxation of the two properties in Theorem 8. We begin with the following definitions:

» Definition 11. A set s is denoted “negative dirty” (ND) if |cov(s)| < B'®(*)=1 and denoted
“positive dirty with respect to j” (j-PD) if |N;(s)| > 871, In addition, for each element e let
asn(e) be the set s such that e € cov(s).

26:7
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Upon insertion of element e, it is assigned to the set containing it s with the highest level
lev(s). The local algorithm maintains the following invariant:

» Invariant 12. No set is ND, and no set is j-PD for any level j.

If Invariant 12 holds, then the properties of Theorem 8 are satisfied within a factor of f.
Specifically, every s € C satisfies |cov(s)| > 8'¢V(*)=1 and every s € F satisfies | N;(s)| < 877!
for all levels j. Applying the logic from Lemma 6 with the extra slack yields the following;:

» Lemma 13. Any solution satisfying Invariant 12 has approzimation factor - (Inn + 1).

Algorithm 3 UpdateLocal(e,S(e)).

1 if insertion then

2 | U+ UU{e};
3 s < argmax{lev(s’) : s’ € S(e)} (breaking ties arbitrarily);
4 | C+CU{s}; cov(s)« cov(s)U{e};
5 RisingPhase(S(e));
6 else
7 | U—U\A{e};
8 s + asn(e);
9 cov(s) < cov(s) \ {e};
10 FallingPhase({s});
Algorithm 4 RisingPhase(S). Algorithm 5 FallingPhase(S’).
18 0 18«0
2 for j from [loggn| downto 0 do 2 for s € &’ do
3 for s € S do 3 if s’ is ND then
4 if s is j-PD then 4 J = |logg [cov(s')|];
5 Rise s to level j + 1; 5 Drop s’ to level j;
6 cov(s) < N,(s); 6 Recreate cov(s');
7 for ¢’ in cov(s) do 7 for ¢’ € cov(s’) do
8 s’ < previous asn(e’); 8 for s> ¢ do
9 S+ Su{s}; 9 ‘ S+ SU{s};
10 if &' # () then 10 if S # () then
11 ‘ FallingPhase(S’); 11 ‘ RisingPhase(S);

The local algorithm maintains Invariant 12 through two mutually recursive procedures, the
rising phase and the falling phase. In the rising phase, we iterate through the sets in S, an
input collection of sets, and identify any that are j-PD, processing from the highest level j
down to the lowest. When a j-PD set s is found, we “clean” it by raising its level to j + 1 and
reassigning its elements such that cov(s) = N;(s). After processing all levels, there are no
more j-PD sets (for any j), and we identify every element ¢’ whose level changed. Because
these elements may have left their original cov sets, those sets may now be ND. We collect
these potentially ND sets into a collection S’ and initiate a falling phase. In the falling phase,
we examine the sets in S’ Any ND set s’ is dropped to level |logg [cov(s')|], thus there are
no ND sets at the end of this process. This level shift causes elements e’ to drop to a lower
level, which in turn might make any set containing e’ become j-PD. Consequently, we collect
all sets containing these elements into a collection S and trigger a new rising phase. This
process continues until termination, where eventually our system obeys Invariant 12.
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An insertion of e triggers an initial rising phase with S = S(e) (the sets containing e),
while a deletion of e triggers an initial falling phase with &’ = {asn(e)}. The logic for these
procedures is detailed in Algorithms 3, 4, and 5. While [32] demonstrates that these “clean-up”
procedures terminate with efficient amortized update times for very large values of 3, such
values are impractical for most real-world instances. Since we employ significantly lower
values — typically 8 < 2 — we provide a proof that this process is guaranteed to terminate.

> Claim 14. Algorithm 3 terminates after every update step.

Proof. Consider a rising phase where j is the maximum level such that some set s € S is
j-PD. Since the highest possible rise is to level j + 1, only elements at levels < j can be
reassigned. Consequently, any set entering S’ for the subsequent falling phase must be at a
level strictly less than j. During that falling phase, the count |N;/(s’)| for any s’ € S’ can
only increase for levels j' < j. It follows that in the next rising phase, the maximum level j’
for which any set can be 7/-PD is at most j — 1. Thus, the highest rising level decreases with
each mutual recursion, eventually terminating. <

4.2 The “Partial” Algorithm

In this section we introduce the “partial” algorithm, a simplification of [49] that maintains a
global relaxation of the first property alongside a local relaxation of the second property in
Theorem 8. In addition to the terms in Definition 11, we define the following:

» Definition 15. For each level j, let D; be a “dirt counter”. Let D =, D; be the total dirt
across all levels. Whenever an element leaves some cov(s), we increment Diev(s) by plev(s)
Upon insertion of element e where S(e) is the collection of sets containing it, it is assigned to
the set s € S(e) with the highest level lev(s). The partial algorithm maintains the following
invariant:

» Invariant 16. No set is j-PD for any level j, and D < % -1C|.

The dirt counters serve as a global relaxation of the “no ND sets” invariant. A low total dirt
D implies that sets are not ND “on average” in a sense. However, the system accumulates
dirt in two ways: when an element is deleted, and when a set becomes j-PD and rises,
forcing elements to leave their previous cov sets. Once the total dirt exceeds the threshold
D> % -|C|, the algorithm triggers a partial rebuild. Instead of a full reset, we identify
a critical level ici and run the static greedy algorithm only on the subsystem comprising
elements and sets at or below level . This process “cleans” the subsystem, allowing us
to reset all dirt counters up to it to zero. We will not define here what the critical level
exactly is or how to find it, but intuitively it is chosen to maximize the “dirt-to-cost” ratio. It
essentially is the highest level where the accumulated dirt is disproportionately large relative
to the subsystem’s size, thus maximizing the progress made toward a “clean” system while
minimizing the computational overhead of the static greedy re-run. See [49] for the formal
definition of the critical level, along with the proof for the following lemma:

» Lemma 17 (Lemma 39 in [49]). Any solution satisfying Invariant 16 has approximation
factor B . (Inn + 1).

While [49] achieves an amortized update time of O (%), this bound requires several
complex procedures — specifically for locating the critical level and maintaining N;(s) for all
j and s. Although these procedures are vital for the theoretical logn factor, they signific-
antly overcomplicate the algorithm’s practical implementation. Consequently, we employ
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a simplified version that achieves a slightly higher amortized update time of O (#%2_"1)).

Notably, our implementation retains the amortized recourse of O (m> established
in [49]. Algorithm 6 provides the pseudo-code for a single update step of this algorithm.

Algorithm 6 UpdatePartial(e,S(e)). Algorithm 7 UpdateGlobal(e,S(e)).

1 if insertion then 1 if insertion then

2 | U+—UU{e}; 2 | U<+ UU{e};

3 s = argmax{lev(s’) : s’ € S(e)}; 3 s = argmax{lev(s’) : s’ € S(e)};
4 | C+CU{s} 4 | C+CU{s}

5 | cov(s) < cov(s) U {e}; 5 | cov(s) < cov(s) U{e};

6 if exist PD sets s’ € S(e) then 6 for i from lev(e) to [logzn] do
7 Rise highest level PD set; 7 ‘ P P; + 1;

8 for each rising element ¢’ do 8 else

9 I < previous lev(e'); 9 for i from lev(e) to plev(e) — 1 do
10 Dy + Dy +67l/; 10 ‘ .AZ'(—.AZ'—l; D; « D; + 1;
11 else 11 for i from plev(e) to [loggn| do
12 U+ U\{e}; 12 ‘ P+ P, —1; D; < D;+1;
13 s = asn(e); 13 | U+ U\A{e};
14 cov(s) < cov(s) \ {e}; 14 s = asn(e);
15 Diev(s) < Diev(s) + B7; 15 cov(s) < cov(s) \ {e};
16 if D> 251 - |C| then 16 if 3i | Py +D; > 2(8 — 1) - A; then
17 Find critical level iy; 17 Find highest ¢, denote by igit;
18 E <+ {e |lev(e) <igit); 18 E+— {e | lev(e) <licrit};
19 | S« {deF|snNEAD} 19 | S« {deF|snNEAD}
20 | (' « StaticGreedy(£,S,5); 20 | ('« StaticGreedy(€,S,0);
21 D; + 0, Vi <igit; 21 Update A;, Pi, Dy, Vi < derie;

4.3 The “Global” Algorithm

In this section we introduce the “global” algorithm, a simplification of [51] that maintains a
global relaxation of both properties in Theorem 8. We define the following:

» Definition 18. Fach element e is assigned a “passive level”, plev(e), such that plev(e) >
lev(e) at all times. Over the lifespan of e, plev(e) is monotonically non-decreasing. For each
level i, let A; =|{e €U |lev(e) < i < plev(e)}|, P; = |{e €U | plev(e) < i}| and let D; be a
dirt counter that counts the number of deleted elements e such that lev(e) < i when deleted.

Upon insertion of element e where S(e) is the collection of sets containing it, it is assigned to
the set s € S(e) with the highest level lev(s), and we set plev(e) = lev(e), which raises P; for
all i > lev(e). When e is deleted, we update all A;, P; and D; according to their respective
definitions. Intuitively, for any level j, P; and D; track “dirt” from insertions and deletions,
respectively, while A; serves as a “clean” counter. The algorithm maintains the following
global invariant:

» Invariant 19. For any level i, P; + D; < 2(8—1) - A;.

Once Invariant 19 is violated, the algorithm triggers a partial rebuild, exactly like in the
partial algorithm, up to a critical level i, which here is the highest violating level. This
process “cleans” the subsystem, setting the passive level of each element e participating in
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the rebuild to be max{plev(e), icit + 1}, causing elements to leave P; and join A;, and sets
D; =0 for all i < igit. Since we implement this algorithm with 8 > 1.25, the approximation
guarantees from [51] are no longer valid. In addition, as with the partial algorithm, we
prioritize a practical implementation over the more complex version in [51] that targets
optimal asymptotic bounds. Consequently, our algorithm achieves an amortized update time
of O (mfl';o(ig/inl)). Algorithm 7 details the pseudo-code for a single update step. See Section
2.2.1 in [51] for more details regarding the theoretical amortized version.

We summarize Section 4 in Table 2.

Table 2 Summary of the practical variants of the level-based algorithms, with their guarantees.

Ref. | Practical Variant | Approx. Factor | Update Time Recourse
[32] | Local Algorithm g% (Inn+1) - -
. . logZ n
[49] Partial Algorlthm - 0] (%) 0] (m)
. Jog? n
[61] | Global Algorithm - o (%) -

5 Experimental Evaluation

Instances. We evaluated our four algorithms on 120 real-world hypergraph instances. We
treat the dynamic set cover problem as a dynamic vertex cover problem on hypergraphs,
where dynamic hyperedges represent elements and static vertices represent sets. We started
out with hundreds of static hypergraph instances [7, 23, 46]. To “dynamize” a static instance
with x elements, we generated a dynamic sequence of length k = 2z, ensuring each element
is inserted and deleted exactly once (staring and ending with an empty system). Insertions
follow the original static ordering. We enforce a “capacity constraint” of n = |2/10] active
elements. While the system is below capacity, we perform an insertion with 80% probability
and a deletion of one of the five most recently inserted elements with 20% probability. Once
capacity n is reached, we trigger a “cleanup” phase, deleting the d oldest active elements,
where d ~ Uniform(1, [n/10]). This model specifically evaluates the performance against a
mix of “fresh” deletions, “stale” deletions, and varying batch sizes. Finally, we filtered the
collection to include only high-frequency instances (f > Inn), resulting in the 120 instances
used for benchmarking. See Tables 3, 4 and 5 for basic statistics of these instances.

Methodology. We implemented the algorithms using C++ and compiled them using gec 11
with full optimization (-O3 flag). The experimental evaluation was conducted on an AMD
EPYC 7763 processor (64 cores, 2.45GHz) with 512MB of L3 cache and 256GB of main
memory. We executed up to 32 experiments in parallel.

To reflect the “amortized nature” of the algorithms, we used three quality metrics, all
amortized: set cover size, update time (processing and execution), and recourse. We measured
these values for every update step of each individual experiment. The final quality metrics
per experiment were calculated by averaging these values over the entire update sequence.
For each of the four algorithms we chose 17 different values for 3, to test the tradeoff between
our quality metrics. For the smallest 115 instances (of the 120) we ran each algorithm and 3
combination five times (taking an average), totaling to 115-4-17 -5 = 39,100 individual
experiments. Due to the longer running time of the last 5 instances, we reduced the number
of runs per combination and the number of different 5 values per algorithm, and set a time
limit of 48 hours for each individual run. Overall there were roughly 40,000 experiments run.
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We compare our algorithms using performance profiles [25]. Given a quality metric and
a collection of algorithms, this plot relates for each algorithm the % of instances where it
is within a 7 factor of the best algorithm; the y-axis represents the % of instances and the
x-axis represents 7. For example, if the “partial” algorithm reaches 70% at 7 = 2.5 in the
amortized update time profile, this means that in 70% of the instances, the update time of
the “partial” algorithm is within a 2.5 factor of the best (in this case fastest) algorithm.

Results. Since we tested 17 different values of g for each of the four algorithms, a single
visualization of all 68 variants would be cluttered. We therefore adopted a two-step analysis.
In the first step, we selected six 8 values per algorithm to conduct an intra-algorithm
comparison of the impact of 8. The performance profiles for each of these algorithms are
displayed in Figure 3 (in Appendix A), and they confirm the expected correlations:  is
strongly positively correlated with the amortized set cover size and strongly negatively
correlated with amortized update time and recourse across all algorithms. Furthermore, the
results highlight the relative sensitivity of each metric to 3; the impact is most pronounced
for update time (high 7 values), followed by recourse, and finally set cover size (low 7 values).
Before proceeding to the second step, and to further investigate the trade-off between
solution quality and computational efficiency, we provide a complementary analysis in
Figure 1. Since the raw metrics vary significantly across our 120 instances, we normalize the
results per instance to ensure an unbiased comparison. Specifically, for each instance and
each metric separately, we identify the best-performing algorithm and S combination. We
then calculate the performance of all other combinations relative to these best-found values
for each instance. Finally, we aggregate these normalized ratios across all instances using
the geometric mean. Figure 1 displays the resulting quality vs. efficiency curves for the four
algorithms across the full range of 8 values. These curves explicitly visualize the negative
correlation between solution quality and computational efficiency. Furthermore, consistent
with Figure 3, they highlight the relative sensitivity of each metric to the parameter 3.

Set Cover Size vs Update Time Set Cover Size vs Recourse
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Figure 1 Normalized trade-off curves representing solution quality vs. efficiency. The left plot
displays mean normalized set cover size vs. mean normalized update time, and the right plot displays
mean normalized set cover size vs. mean normalized recourse. Each curve represents the geometric
mean across 120 instances for the full range of 8 values; curves closer to the bottom-left corner
indicate superior overall performance.

In the second step, to compare the four algorithms, we selected a representative § for
each by balancing the three quality metrics. While the optimal 3 is application-dependent,
we defined it as the value minimizing the objective function g(s,t,7) = s - t'/2 . r/2 where
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s,t, and r represent amortized set cover size, update time, and recourse, respectively. We
chose this function to balance solution size against the other two metrics, which are strongly
positively correlated. For each algorithm, we identified the 8 minimizing g per instance and
used the median value across all instances as the “best” 3. The chosen 5’s were 1.99, 1.9,
1.99 and 1.495 for the robust, local, partial and global algorithms respectively. Figure 2
presents the performance profiles comparing the four algorithms using these selected values.

Amortized Set Cover Size Amortized Update Time Amortized Recourse
. L . oo 100 , Lo e

100 ———— 100 ‘/,_F_f4< L
80 - 80 f - 80+
60 r 60 - 60
a0t - 10 - a0t
20 T+ 20 // - 20
0 T 0 1 | - 0

l— Robust Algorithm —— Local Algorithm  —— Partial Algorithm Global Algorithml

% of Instances
% of Instances
% of Instances

Figure 2 Performance profiles for amortized set cover size (left), amortized update time (center)
and amortized recourse (right) of all four algorithms, each with the chosen 3.

The global algorithm achieves the smallest average set cover in &~ 95% of instances (7 = 1).
The partial and robust algorithms follow, while the local algorithm generally yields the
lowest-quality results. For amortized recourse, the hierarchy is roughly reversed: the local
algorithm always performs best (100% at 7 = 1), followed by the partial, robust, and global
algorithms. Low recourse for the local algorithm is expected, as it maintains the solution by
consistently “patching” it rather than triggering broader recomputations. Amortized update
time reveals a more nuanced tradeoff. The local algorithm is generally the fastest, achieving
the top result in ~ 60% of instances. While the partial algorithm never achieves the fastest
time (0% at 7 = 1), it exhibits the steepest growth, indicating that it consistently remains
near the best performance. Conversely, the robust algorithm is the fastest in one-third of
instances but shows the least steep growth, failing to reach 100% even at very high 7 values,
suggesting significant overhead in several instances. The global algorithm’s performance lies
between these two. For both efficiency metrics (update time and recourse), the 7 values
are significantly higher than those for the quality metric (size). This indicates that solution
quality is much more stable across algorithms than efficiency, mirroring the observed influence
of B on each algorithm’s performance. To summarize, generally the local algorithm offers
the highest efficiency, the global algorithm the highest quality, and the robust and partial
algorithms offer a balanced middle ground. All numeric results are in Tables 3, 4, and 5.

6 Conclusion

This paper provides the first empirical study of the dynamic set cover problem, bridging
the gap between theory and practice. We implemented and evaluated four greedy-based al-
gorithms: a novel and simple one, alongside three simplifications of state-of-the-art theoretical
designs modified to prioritize practical efficiency over asymptotic bounds. Our evaluations
focused on three amortized metrics: set cover size as a measure of quality, and update time
and recourse as measures of efficiency. We assessed the tradeoff between these metrics for
each algorithm, followed by a comparative analysis of the four algorithms.
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Future Work. A natural extension would be a comprehensive comparison of the four
algorithms against a naive baseline that recomputes the set cover from scratch at every
update. While we attempted this over several weeks by waiving the 48-hour time limit, the
extreme computational overhead restricted successful runs to only the smaller instances.
Preliminary results suggest that our dynamic algorithms provide drastic efficiency gains while
maintaining competitive solution quality; however, full-scale benchmarking on the larger
instances is required to fully verify these results.

While this study focuses on the unweighted dynamic set cover problem for its accessible
and intuitive presentation, a natural next step is the weighted version. In this variant, each set
has a weight and the goal is to maintain a minimum-weight cover. In practice, the weighted
implementation would not differ significantly, as it would use the same core algorithmic
procedures as a black box to maintain the solution.

A further compelling direction is the implementation of theoretical primal-dual-based
dynamic set cover algorithms designed for the low-frequency regime (f < Inn). Evaluating
their performance against the greedy-based algorithms presented here across all instance
types (low-frequency and high-frequency) would clarify whether primal-dual approaches are
indeed superior for low-frequency instances. Furthermore, such a comparison would help
identify the practical transition point where greedy algorithms become the more effective
choice.
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A Appendix
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Figure 3 Performance profiles for each algorithm evaluated across all three quality metrics. Each
row represents a specific algorithm (top to bottom: robust, local, partial, and global), divided into

six variants with varying values of

B. The columns represent amortized set cover size (left), update

time (center), and recourse (right). Detailed legends for 8 values are provided beneath each row.
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