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Finding Heavy Hitters and State-of-the-art Algorithms

Finding heavy hitters is a fundamental problem with - Modern applications often demand capabilities beyond sequential processing:
applications ranging from network monitoring to database parallel scaling and support for concurrent queries and updates.
query optimization, machine learning, and more.
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Cuckoo Heavy Keeper (CHK)

Collision resolution (cuckoo hashing) What makes CHK different from prior approaches:

in the heavy part to avoid eviction . @) reduces data movement, improves throughput,
makes performance predictable, and unlocks new

/nverts the conventional flow by
introducing the /obby data structure

If fp==fp": algorithmic synergies that are inaccessible with prior
~ K C+=1 approaches (e.g applying collision resolution).
se: : o .
C=C-1 with prob b= - elmproves accuracy by giving colliding heavy

hitters a second chance, particularly under memory
constraints where collisions are more likely to occur.

- Not just asymptotic complexity, but also system
aspects (e.qg., cache, instruction cost) are considered.
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The Parallel Framework

Operations are buffered and dele-
gated to reduce synchronization

algorithm-dependent, algorithm-agnostic ,f-T-h---a-l- ---------------------------------------------
require mergeability (can parallelize any algorithm) e Buffer 1 Lock-free Queue 1

mainly demanding synchronization mainly non-blocking, lock-free
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Our parallel framework generalizes 2 key principles: cdoma/h-sp//ttmg and | /AN e T mmmmm——
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ea’e/egated operations. It offers two modes, depending on the workload:
- Insertion-optimized : for situations where insertions are predominant. [ b b ]
- Query-optimized : for scenarios where hh-queries are more frequent. Insertion-optimized design Query-optimized design
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We performed an evaluation following the below experimental setup. Space Saving Count-min Sketch Cuckoo Heavy Keeper
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Parallel CHK can handle higher rates than others, especially with fewer threads, 1510 20 30 40 50 60 70 1 5 10 20 30 40 50 60 70
allowing you to save energy and retain processing capacity for other tasks. Number of Threads Number of Threads
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