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(Check / find all / count all) regular parts
(in a substring)

Pattern matching

(Approximate = up to 
k errors)

String similarities
(common substrings, ...)



Applications of regularities and 
similarities of strings

• Bioinformatics – tandem repeats are associated to 
genetic diseases,
similarities between DNA sequences close relationship
between organisms

• Compression

~

• Compression – high regularity = better compression rate

• Data analisys – plagiarism detection
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Graph algorithms

brute force:
usually exponential

NP-complete

FPT?Approximation?

Is there an nO(1)-time algorithm?

Smaller exponent? FPT?Approximation?

Text algorithms

ababbbaabbaab

Try to reach O(n) or at least O(n polylog n).

No O(n2-ε) time algorithm
(by e.g. SETH)

Sometimes even O(n/log n).

Smaller exponent?

brute force:
usually O(n3) or O(n2) time.
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RECENT EXAMPLESRECENT EXAMPLES
(IN MY PUBLICATIONS)
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O(nz) size indexes are too large to be useful. 

Occurrence if probablity ≥ 1/z

O(nz) size indexes are too large to be useful. 

Our result: O(nz/l) size indexes for patterns of length ≥ l.

SARS-Cov-2 EFM
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Whale Signals EEG of 2 groups of patients



Thank you for your attention!Thank you for your attention!


