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High Level Thesis

Data Structures + Data Compression =» Faster Algorithms

Design space-efficient ad-hoc data structures,
both from a theoretical and practical perspective,
that support fast data extraction.

Data compression & Fast Retrieval
together.
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Inverted Indexes

Inverted Indexes owe their popularity to the efficient resolution of
queries, such as: “return me all documents in which terms {t4,...,}
occur”.
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Every encoder represents each sequence individually.

No exploitation of redundancy.
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cluster of posting lists

Problems
1. Build the clusters.
2. Synthesise the reference list.

reference list
R

R << U

log R bits

NP-hard problem
already for a simplified formulation.
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Figure 2: Bits per posting of Gov2 and ClueWeb09 by varying the reference size.
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Table 2: Bits per posting in selected trade-off points.
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Figure 3: Timings for AND queries by varying the reference size on Gov2 and ClueWeb09,
using the query set TREC 06.
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Table 3: Timings in milliseconds for AND queries on ClueWeb09 and Gov2, using query
sets TREC 05 and TREC 05. In parentheses we show the relative percentage
against CPEF.
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sets TREC 05 and TREC 05. In parentheses we show the relative percentage
against CPEF.



Clustered Elias-Fano Indexes - TOIS’17

] | | 480- i . — = —
+— CPEF space-based ~— CPEF space-based 13 *— CPEF space-based i *— CPEF space-based

2.90- +—= CPEF frequency-based . +—= CPEF frequency-based -« CPEF frequency-based - +—= CPEF frequency-based
4.75 - -
2.85 - 12 -
4.70 -
2.80 - 11 - 20
4.65 -
2.75 10-
4.60 25 -
2.70 9
4.55 - B
2.65 20 -
50‘6 x()o‘& %00\5 400‘& 9,00‘& X@QQ‘& ‘.)Q‘K \00‘6 Q,QQ‘& ,5,00‘6 9,00‘5 N §0°$% SLQQYs 6«‘5’00\& 50‘{” XQIQY’ 9‘00\‘ @Q‘l‘ %00‘6 \ ’6001‘ 50I$ XQQY‘ ‘LQQ\Q &QQY‘ %Q'QY‘ N 5@0‘{‘3 ELQQ‘(* B?‘QQYs
(a) Gov2 (b) ClueWeb09 (a) Gov2 (b) ClueWeb09
Figure 2: Bits per posting of Gov2 and ClueWeb09 by varying the reference size. Figure 3: Timings for AND queries by varying the reference size on Gov2 and ClueWeb09,
using the query set TREC 06.
MIN MID MAX MIN MID { MAX MIN MID MAX MIN MID MAX
PEF 294 (iscom) 2.94 (17910294 (110050 PEF 4.80 (1214 4.80 (1195 4.80 (1625 g PEF 14.6 (175w 14.6 (200%) 14.6 (—19%) g PEF 3.7 (-04%) 3.7 (-5%) 3.7 (-52.1%)
CPEF 2.78 2.72 2.65 CPEF 4.70 4.62 4.52 é crer 17.7 20.6 29.1 o cper 5.3 5.9 7.8
BIC 2.80 (1059 2.80 (12744 2.80 (5630 BIC 4.27 (920 4.27 (7558 4.27 (550 . BIC 41.1 (i1ow) 41,1 (roosn) 41.1 (oo - gic  10.5 (1962w 10.5 (1762%) 10.5 (135.0%)
(a) Gov2 (b) ClueWeb09 8 PEF  17.7 (10w 17,7 (-2000) 17.7 (s05m) 8 PEF 6.1 27.4%) 6.1 (-352%) 6.1 (—49.1%)
O i~
Table 2: Bits per posting in selected trade-off points. g PEF 21.2 250 356 g CPEF 8.3 93 119
BIC 55.1 (+1597%) 55.1 (+1208%) 55.1 (4547%) BIC 18.5 (yi2260) 18.5 (1osen) 18.5 (1560w
(a) ClueWeb09 (b) Gov2
AlwayS better than PEF (by up to 11 o/o) Table 3: Timings in milliseconds for AND queries on ClueWeb09 and Gov2, using query
sets TREC 05 and TREC 05. In parentheses we show the relative percentage
and better than BIC (by up to 6.25%) against CPEF, P pereeniis




Clustered Elias-Fano Indexes - TOIS’17

9.00 - ~—s CPEF space-based i 4.80 - ~—» CPEF space-based 13 - *— CPEF space-based i *— CPEF space-based
’ +—= CPEF frequency-based +—= CPEF frequency-based +—= CPEF frequency-based - +—= CPEF frequency-based
4.75 - -
2.85 - 12 -
4.70 -
2.80 - 11- 30
4.65 -
2.75 10-
4.60 25 -
2.70 9
4.55 - B
2.65 20 -
P N I T C ) N o 0 0P 0 o o N @00‘183 % 6@0‘5 NS xolg‘ls o bpl@l» 0 N o @IXK YD %Q'e‘l» N 5@‘63 o 6?‘@\&
(2) Gov2 (b) ClueWeb09 (a) Gov2 (b) ClueWeb09
Figure 2: Bits per posting of Gov2 and ClueWeb09 by varying the reference size. Figure 3: Timings for AND queries by varying the reference size on Gov2 and ClueWeb09,
using the query set TREC 06.
MIN MID MAX MIN MID { MAX MIN MID MAX MIN MID MAX
PEF 2.94 (45.60%) 2.94 (+7.919) 2.94 (410.95%) PEF 4.80 (42.13%) 4.80 (+3.958) 4.80 (46.25%) 9 PEF 14.6 (=17.5%) 4.6 (~29.0%) 14.6: 49.7%) ) PEF 37 (—30.4%) 3.7\ 37.5%) 3.71 52.1%)
CPEF 2.78 272 2,65 CPEF 4.70 4.62 4.52 o cper| 17.7 0.6 29.1 g cpef 5.3 5.9 7.8
BIC 280 (+40.53%) 280 (+2.749) 280 (+5.63%) BIC 427 (=9.22%) 427 (=7.588) 427 (=5.56%) " BIC 411 (+131.9%) 11 (+99.5%) 411 (+41.3%) . BIC 105 (+96.2%) 05 (476.2%) 105( 135.0%)
(a) Gov2 (b) ClueWeb09 g PEF 17.7  (eew) §7.7 (-20am) 17.7 (—s03%) g PEF 6.1 (2749 ) 6.1 (-352%) 6.1 (—49.1%)
O i~
Table 2: Bits per posting in selected trade-off points. g PEF 21.2 >0 356 g 8.3 93 119
BIC [55.1 (+1507%) B5.1 (+1208%) 55.1 (4547%) BIC | 18.5 (112260 [18.5 (1os.eo) 18.5 (1560m)
2T ClueWeb09 S—T5) Gov2
AlwayS better than PEF (by up to 11 o/o) Table 3: Timings in milliseconds for AND queries on ClueWeb09 and Gov2, using query
sets TREC 05 and TREC 05. In parentheses we show the relative percentage
and better than BIC (by up to 6.25%) against CPEF, P pereeniis




Clustered Elias-Fano Indexes - TOIS’17

— — 4.80 - e e

2.90 - +—s CPEF space-based ) +—e CPEF space-based

’ «—= CPEF frequency-based +—= CPEF frequency-based
4.75 - -

2.85 -
4.70 -

2.80 -
4.65 -

2.75
4.60

2.70
4.55 -

2.65

EIC S ST O L IO I e S L
(a) Gov2 (b) ClueWeb09

Figure 2: Bits per posting of Gov2 and ClueWeb09 by varying the reference size.

MIN MID MAX MIN MID { MAX
PEF 294 (iscom) 2.94 (17910294 (110050 PEF 4.80 (1214 4.80 (1195 4.80 (1625
CPEF 2.78 2.72 2.65 CPEF 4.70 4.62 4.52
BIC  2.80 (1053 2.80 (12744)2.80 (15630 BIC  4.27 (92m) 427 (7550 427 (- s560)
(a) Gov2 (b) ClueWeb09

Table 2: Bits per posting in selected trade-off points.

Always better than PEF (by up to 11%)

and better than BIC (by up to 6.25%)

*— CPEF space-based i *— CPEF space-based

13- +—= CPEF frequency-based +—= CPEF frequency-based
35
12 -
11 - 30
10 -
N 25 -
8 N
20 -
R N e T C S SO o 0B g 0 o0 o0 g o
(a) Gov2 (b) ClueWeb09
Figure 3: Timings for AND queries by varying the reference size on Gov2 and ClueWeb09,
using the query set TREC 06.
MIN MID MAX MIN MID MAX
I PEF 14.6 (=17.5%) 4.6 (~29.0%) 14.6 (—49.7%) ) PEF 3.7 (—30.4%) 3.7 (~37.5%) 3.71 52.1%)
E’ crer) 17.7 0.6 29.1 § cPER 5.3 5.9 7.8
. Bic [41.1 (+131.9%) 1.1 (499.5%) 411 (+41.3%) . BIC 10.5 (496.2%) 0.5 (+76.2%) 10.5 (135.0m)
8 PEF 17.7 (=16.6%) 7.7 (~29.1%) 17.7 (~50.3%) 8 PEF 6.1 (=27.4%) 6.1 (=35.2%) 6.1 (=49.1%)
E crer] 21.2 5.0 35.6 ;u‘:' cred 8.3 9.3 11.9
Bic [55.1 (4159.7%) 51 (+120.8%) 55.1 (+54.7%) . BIC 18.5 (4122.6%) 8.5 (498.6%) 18.5 (1 560%

a) ClueWeb09 \_(()GOVZ
Much faster than BIC (103% on average)

Slightly slower than PEF (20% on average)




(Integer) Dynamic Ordered Sets

A dynamic ordered set S is a data structure representing n
keys and supporting the following operations:
e Insert(x) inserts xin S

e Delete(x) deletes x from S

* Search(x) checks whether x belongs to S

e Minimum() returns the minimum element of S
* Maximum() returns the maximum element of S

» Predecessor(x) returns max{y € S : y < x}

* Successor(x) returns min{y € S @ y = x
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(Integer) Dynamic Ordered Sets

A dynamic ordered set S is a data structure representing n
keys and supporting the following operations:

 Insert(x) inserts xin S In the comparison model this is

solved optimally by any self-balancing
tree data structure in O(log n) time and

* Search(x) checks whether x belongs to S O(n) space.

e Delete(x) deletes x from S

e Minimum() returns the minimum element of S

* Maximum() returns the maximum element of S
More efficient solutions there exist if the
considered keys are integers drawn

from a bounded universe of size u.

» Predecessor(x) returns max{y € S : y < x}

* Successor(x) returns min{y € S @ y = x

Challenge

How to optimally solve the integer dynamic
ordered set problem in compressed space?
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EF(S(n,u)) = nlog(u/n) + 2n bits to
van Emde Boas Trees encode an ordered integer

X/Y-Fast Tries sequence S
Fusion Trees - O(1) Access
Exponential Search Trees

O(1 + log(u/n)) Predecessor

+ time + time
- space = Spape
+dynamic - static



Integer Data Structures Elias-Fano Encoding
EF(S(n,u)) = nlog(u/n) + 2n bits to
van Emde Boas Trees encode an ordered integer

X/Y-Fast Tries sequence S
Fusion Trees - 1 O(1) Access
Exponential Search Trees

O(1 + log(u/n)) Predecessor

+ time + time
- space = Spape
+dynamic - static



Integer Data Structures Elias-Fano Encoding
EF(S(n,u)) = nlog(u/n) + 2n bits to
van Emde Boas Trees encode an ordered integer

X/Y-Fast Tries sequence S
Fusion Trees - 1 O(1) Access

Exponential Search Trees
i O(1 + log(u/n)) Predecessor

+ time + time
- space + Spape
+dynamic - static

Can we grab the best from both?




Dynamic Elias-Fano Representation - CPM’17

Foru=nY,yv=0(1):

EF(S(n,u)) + o(n) bits Result 1
+ O(1) Access
- O(min{1+log(u/n), loglog n}) Predecessor

EF(S(n,u)) + o(n) bits
+ O(1) Access

| Result 2
- O(1) Append (amortized)
- O(min{1+log(u/n), loglog n}) Predecessor
EF(S(n,u)) + o(n) bits
O(log n / loglog n) Access
Result 3

O(log n / loglog n) Insert/Delete (amortized)

O(min{1+log(u/n), loglog n}) Predecessor
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N typically ranges from 1 to 5.

Extracted from text using a sliding window approach.
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~ 6% of the books ever published

N . number of grams
1

_____________________ 24,350,473
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3| 7,397,041,901 billion grams.
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Compressed Tries with Context-based ID Remapping - SIGIR’17

Observation: the number of words following a given context is smaill.

High-level idea: map a word ID to the position it takes within its sibling |IDs
(the IDs following a context of fixed length k).
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Compressed Tries with Context-based ID Remapping - SIGIR’17

N Europarl YahooV2 GoogleV2
n n n
1 304579 3475482 24 357 349
2 5192260 53 844 927 665 752 080
3 18908 249 187639 522 7384478110
4 33862651 287 562 409 1642783634
5 43160518 295701 337 1413870914
Total 101428 257 828223677 11131242087
gzip bpg 6.98 6.45 6.20

14

Test machine
Intel Xeon E5-2630 v3, 2.4 GHz
193 GB of RAM, Linux 64 bits

C++ implementation
gcc 5.4.1 with the highest
optimization setting
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Europarl YahooV2 GoogleV2

bpg Us X query bpg us X query us X query
PEF-Trie 1.91
PEF-RTrie 2.30
BerkeleyLM C. (4.13 ) &
BerkeleyLM H.3 2.18 (413.05
BerkeleyLM H.50 96 2oy | 0.97 (28.40%) 0.37, 5 8X |
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(4-133.5 (—~21.84%) ( (~10.01%)

Marisa < . ) 2-06 (452.00%) . (A 99 _60%5) . (4-87.96%) B T
RandLM 2.60 (4+70.73

¢ Elias-Fano Tries substantially outperform ALL previous solutions in both space and time.
e As fast as the state-of-the-art (KenLM) but more than twice smaller.
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Planned work for this year

1. Conclude two journal extensions

Inverted Indexes with false positives allowed.

2. Develop other research ideas ——— Data structures for features repository.

Compressed tries based on double-arrays.

3. 6 months abroad.
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Thanks for your attention,

time, patience!

Any questions?
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