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This work studies online budgeted influence maximization and establishes new results on both the offline
benchmark and online learning algorithm design for this class of NP-hard problems. The contributions
consist of a near-optimal offline approximation framework and a Thompson Sampling—based online algo-
rithm with tight regret guarantees.

As an offline benchmark, the paper introduces Randomized Budgeted Influence Mazimization (R-IMB),
which allows randomized seed-set selection under an expected budget constraint. The optimal value of
R-IMB upper-bounds the achievable average reward of any online policy over a finite horizon. Based on
this benchmark, the paper proposes an approximation oracle that achieves a (1 — 1/¢) approximation
ratio, matching the optimal guarantee for classical influence maximization [5], [6] and improving upon
the best-known guarantees for deterministic budgeted influence maximization, which are bounded by
1—1/4/e [7]. The oracle supports heterogeneous node costs and is compatible with scalable influence
spread estimation using Reverse Reachable (RR) sets [1], [8]. A concave error interval analysis guarantees
that, with high probability, influence spread is uniformly approximated over all feasible seed sets, yielding
a (1 —1/e — ¢) approximation with near-linear runtime complexity.

For the online setting, the paper develops T'S-CO, a Thompson Sampling algorithm based on a novel
cumulative oversampling mechanism. Prior work on online influence maximization with learning has
largely relied on UCB-style algorithms [3], [9], which admit strong regret bounds but often underperform
empirically. Although Thompson Sampling has demonstrated superior empirical performance in many
bandit settings [2], [4], its theoretical analysis for combinatorial problems with NP-hard offline structure
has remained limited.

Cumulative oversampling constructs optimistic estimates of influence probabilities by aggregating pos-
terior samples across rounds. In each round, a single Gaussian sample is drawn around the regularized
least-squares estimator, and cumulative samples are combined to form an estimator that concentrates at
logarithmic rates and becomes an upper confidence bound with probability converging to one. When cou-
pled with the R-IMB approximation oracle, TS-CO achieves a scaled regret bound of order O(dC’ vVmT),
where d is the feature dimension, m the number of edges, and C a network-dependent complexity param-
eter. This matches the best-known regret bounds for UCB-based algorithms with linear generalization
[9] and constitutes the first regret guarantee for a Thompson Sampling—based algorithm for influence
maximization that avoids linear dependence on the inverse minimum edge observation probability.
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