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Theorem: Any algorithm for streaming submodular maximization that
only queries the value of the submodular function on feasible sets (sets
of cardinality at most k) and 1s > 0.5-approximation must use (n/Kk)
memory.
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»Reduction from INDEX problem
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Open Problems
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Random Streams » What is the best achievable bound in random streams"

» Hardness result under no assumption ?

»In many real-world scenarios the data arrives in random order.
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