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Discovering all frequent sub-structures
from a colection of labeled trees

Extendible to most statistical functions

Frequent Patterns
with s = 50 %

B FREQT: Efficient ordered tree mining
engine (SIAM DM'02)

Rightmost Expansion &
Applicati Ordered Tree Enumeration
pplications Trees (SIAM DM'02, |IEEE
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O Thirty-first Conference on Neural Information Processing Systems, Dec.
4-9, Long Beach Convention Center
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(Ohama, Iida, kida, Arimura, IJCAI 2017, NIPS2017)
Relevance-dependent IRM

(a) Synthetic Data (b) IRM solution (c) R-IB solution

Figure 3: Synthetic example: (a) 500 x 500 relational data; (b)

° %ﬁE % % 5£ (IRM) (j: . 1@ Q 0) A *‘bﬁ:ﬁ I:II:II:I 0) riﬁ E)J J-!;_ J 'h}?/ 2 %8B IRM solution: (c) R-IB solution. In (b) and (c), the left and

top matrices indicate z; and zzT in a 1-of-K representation,

é *L -—C $ % ﬁ E L/t; l' \ . /J \ é 7" d: 7 3Z ‘ : ZN\ 75\ *L "C L \ é respectively. Colored areas on matrices 21 and zy indicate

relevance parameters for corresponding objects. For intuitive

° j:zEE ;$|EI< ;‘£ (R'IB) (j: 1@ Q 0) 5%21] ‘F [~5‘/ 2 581 éh-—d— “ . x derstanding, a relevance parameter ¢ € [0, +00] is trans-

ormed into a probability as 1 — exp(— log(2) x ), so that

fd:(IELL\>75x9/% %EO(TTL\é the probability is 0.5 when 6 = 1.
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Efficient text mining algorithm using suffix
arrays. Direct use of d-dim Orthogonal

Suffix tree & array mexti s a9 Range Tree Structurg —~ —*
Data structures for efficiently storing a|bjclajlbfblc|a Lﬂ o—& "

all of O(n?) substrings in O(n) space ,,' -
- i 1990, Manb I. < o—a X ’
|SUffIX free (1976, MeCreight Isl(::.;'r:rll::a?tlrr:ires(ents al;a:h:r o - S e 2 & ﬁ
y , s
substrings with a 1-dimensional . ‘ A o JSTé% 75\ H' &
M L o ;ﬁ]~ o AR L
1 B O ¢ ¢
a]rlelsl2felal7lof  FhL- g 2
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b/ |C b b $ blc cla a sunsoun worg Ol B o o 4 ©
oz g
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a ~ o
b b c a a b o b _
$ o o L7 a b $ b c . Mé&an Height O(log N)
4| |a a $ b c a
$ $ c a $ O(N log? N) space / preproeess and O(log? N) time per query
. _ 5
1 3 a $ The Future of AI Workshop improvement: O(N*log*N) < O(N)
$
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Hiroki Arimura, Kyushu Univeristy ~ The Future of Al Workshop
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Optimally Computing Compressed
Indexing Arrays Based on the
Compact Directed Acyclic Word Graph

Hiroki Arimura* 1) Graduate School of IST,
Shunsuke Inenaga? Hokkaido University, Japan
Yasuaki Kobayashi* 2) Department of Informatics,
Yuto Nakashima? Kyushu University, Japan
Mizuki Sue* For details and proofs, visits the arXlv site of this talk:

. Manuscwpt at https://arxiv.org/abs/2308.022649 ;
+ Slide pdf at “Code section” or Github https://ikndeva.github.io )

This work is partly supported by MEXT Grant-in-Aid for Basic Research A, 2000-2004, Japan
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Consider the relationship between their sizes
® has been studied so fav.

Bellazougui &
r < e Cunial

\ CPM2015
r < zlog’n I
Kempa & /
Kociumaka,
Bellazougui &

STOC2021
Z < € Cunial
CPM2015

25 And many others (see survey by Navarvro (CSUR, part i, '21)
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The time and space complexities of conversions
® have not been studied very much

Time
O(z polylog(n)) '
time ’
Kempa 8It<
Kociumaka, .
G v Time
P
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We devise efficient algorithms that solves the
conversion problem from the CDAWG for a text T
into various compressed indexes for T in linear time

and space in the combined input/output sizes

the conversion problem
Compressed index Compressed index

RL-BWT

1 2 S1 2
%- Conversion O°C $ -
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We use two orders of paths O Oal{der for defining 2ndary
edges

0 One for traversal of CDAWG

Forwavrd
DFS

Order for 2ndary
2R PF< -

Ordered DFS from the .?.nda_rg edge CiE
e in the - =
lexicographi Same-= P

Reverse cn.Pt-‘S ;

Bellazougui D,E S € _ Ff Ple'?gth
& Cunial Ordered DFS Generalized e
CPMZO:LS from the sink in LOV\geSt Previous e'lgth of the
the text order Fﬁg’@%” Navarvro, Ochoa, 'ongff “pper
We generalize PLCP & LPF into & Prezza (T‘,’“"S' irreducible
28  GLPF by the framework of (NOP'20) | M- Theory, "20) GLPF-value
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CDAWG G Observation A1: O(e) secondary outgoing
source edge of CDAWG(T) under the length-

—

longest ovder determines the irreducible value
Canaical | L Prcpip] PLCP[p] = | by the length [ of the longest
(Ffix = | path from the source to the
secofdary|  corvesponding branching node

butgoing
edge in . .
exg_orde,, Observation A2: O(e) secondary outgoing

edges can be enumerated in the text

lex—fist . . .
pai ‘ / order of its “canonical suffix” by the
'0 ';f:‘;e"” reverse DFS from the sink.
cink We can extend the above result from PLCP to PLPF

by employing the definition of 2ndary outgoing edges in length-order
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