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M OtiVatiOIl Three Algorithms Compared: Moreolmportz.antly, .ou.r ana.lys1s prov1c!es evidence that greedy DiSCllSSiOIl
algorithms find similar-sized sets in B-A graphs to those

found in E-R graphs, with all three algorithms showing
consistent behavior patterns across both graph types. This

Our findings provide practical guidance: for RQ1, NNC
delivers 98-99% of PQ's quality with better theoretical
runtime, making it better for weighted problems. However,

Why Graphs Matter A greedy algorithm finds an independent set by repeatedly
selecting a node and eliminating its neighbors. Different

* Real-world networks (social media, internet, greedy algorithms use different rules for selecting nodes:

biology) follow scale-free patterns with suggests that the particular random graph model used may . . , : e .
. ] . mixed empirical runtime results require validation with
“superstar” hubs e Priority Queue (PQ): selects the node with the lowest not change the underlying property of random graphs that arger grapphs d
e Barabasi-Albert (B-A) graphs model realistic degree (fewest neighbors) makes them amenable to greedy algorithms. '
oreferential attachment vs. Erdés-Rényi (E-R) e Nearest Neighbor Chain (NNC): selects a node with low Ffor RQZ. our results suggest that half-optimalit
random Connections degree, but not the lowest N Erdds-Rényi NvNC vs Bound Ratios (Unweighted) | rid(’)’_sl-Rényi Priorit-yQueuevs B:)und Ratios (‘U-nweigI'::zz:;;):llLy g ‘E;dt‘:s-Rényi Naiviireedyvs BoAund Ratios (UAnwei'ntei , gg p y

; performance may extend from E-R to B-A graphs, as all

e Naive Greedy: selects any node . e .
algorithms show similar behavior patterns across both

Why Independent Sets Matter i
e (Collections of non-interfering nodes - crucial for Key Results g: e e s e s e 3= N O S 0 D QI A T graph types. However, important caveats apply: we do not

~— : = L x LY

scheduling, clustering, distributed algorithms s sEIEEEEE .. ﬁ know the actual optimal independent set sizes in B-A
e Closely related to clique problem - crucial for RQ1: graphs (although some bounds are known [2]), providing
social networks NNC emerges as the best choice among the algorithms bttt st i s s s s s e ettt o o ey s s only a partial answer to RQZ.
e Maximum Independent Set is NP-hard, requiring we evaluated for the weighted independent set problem, 111 T - IHiniREE i
efficient approximation algorithms across both graph types. Performance analysis shows that Additionally, our observations of ratios above 1.0
PQ and NNC outperform Naive, with PQ achieving only EE (especially in the 2/N case) contradict theory, suggesting

issues with our bound formulas—or perhaps effects that

slightly better quality than NNC while requiring 2-3x //.//‘*—"*/‘ /,M w

ResearCh QueStlons lOnger runt]me. NNC delivers 98_99% Of PQ'S Soluti on e T W e Wk e e N = T o W e o e W e mo we W ww wo OCCuUr Only ]n mOderate 'Slzed graphS (n=500'5000).

We investigated three greedy algorithms for the quality. While NNC’s theoretical running time is slower , , , , _ . . .

Independent Set problem: nearest-neighbor chain than Naive, it’s only by a constant factor, maintaining the F1g& E ::terestmg Pound resuls in the unweighted grapns of B-A For RQ3, the planted set ex.perlments Conf‘fm that simple

(NNC) and priority-queue (PQ)-based algorithms, same asymptotic complexity as Naive. This suggests ahd t- greedy appro§ches a.chleve competitive  recovery

and a “naive” greedy algorithm. that NNC may achieve the best trade-off between RQ3: p.erformance, w1th.effect1veness dependent on planted set
solution quality and computational cost. ) size as theory predicts.

Our questions are: Our planted independent set experiments in E-R graphs

Erdos-Renyi Time - 1/VN Barabasi-Albert Time - 1/VN

1. Is NNC better than PQ and naive greedy for oo confirm that degree-based greedy algorithms (PQ and NNC) Next Steps
finding weighted independent sets in E-R and/or o significantly outperform naive greedy in recovering planted e Formal mathematical proofs to determine if observed
B-A graphs? structures. However, recovery performance was strongly performance differences are theoretically expected

2. How close to optimal are greedy algorithms in o dependent on the planted set size as larger sets (N/4) showed e Parallel processing implementation to test larger
B-A graphs? i I D substantially better recovery than smaller sets, supporting the networks (currently limited to 5,000 nodes)

3. Can we recover planted independent sets with theoretical threshold of C/(N logN) for effective recovery [3]. e Scaling experiments to reveal true asymptotic behavior
a fast, simple algorithm? Erdos-Renyi Weight - LN Barabasi-Albert Weight - 1VN in real-world network sizes

Erdés-Rényi Planted: NNC vs PQ vs Naive Recovery Comparison

Recovery: planted-In(N) Recovery: planted-vN Recovery: planted-N+4
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e Erdos-Rényi (E-R): Random graphs where each
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edge a}pp cars mdependently with probabiity p Fig.1 Performance comparisons of PQ, NNC, and Naive on the experimental design.
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Sample Size: 10 graphs per configuration agrees with the known theory [4]. unweighted E-R graphs
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