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Indexing Adds Structure
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The process of “inducing sortedness”
to otherwise, unsorted data
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Irrespective of Sortedness, Same Performance

Standard ingestion (e.g., top-insert in B*-tree)
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Irrespective of Sortedness, Same Performance

Standard ingestion (e.g., top-insert in B*-tree)
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Are There Faster Alternatives?

Standard ingestion (e.g., top-insert in B*-tree)
o — by design, cannot exploit
3 inherent order
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L o requires all data a priori
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ldeally, Higher Sortedness => Faster Ingestion

Standard ingestion (e.g., top-insert in B*-tree)
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Sortedness-Aware
(SWARE) Paradigm
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0

DISC 17




How Do We Quantify Sortedness?

inversions # pairs in incorrect order
runs # increasing cont. subsequences
exchanges least # swaps to establish total order
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How Do We Quantify Sortedness?

inversions # pairs in incorrect order
legacy metrics — runs # increasing cont. subsequences
exchanges least # swaps to establish total order

simple, yet have some obvious pitfalls
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simple, yet have some obvious pitfalls
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How Do We Quantify Sortedness?

inversions\/ # pairs in incorrect order

legacy metrics — runsX # increasing cont. subsequences

exchangesy/ least # swaps to establish total order

simple, yet have some obvious pitfalls

TN N N N 7~ N\

2 1 4 3 6 5 8 7/ 10 9

" " S "
Q local disorder

DISC >




A More Intuitive Metric?

(k-l) Sortedness Metric
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(k-1) Sortedness Metric

# unordered entries (k)

max. displacement among unordered entries (l)
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(k-1) Sortedness Metric

# unordered entries (k)

7 \
1 18 (3)a|5 |6 |7 (2]9]10
N N
<€ >

max. displacement among unordered entries (l)

fully sorted: KorL=0 less-sorted: high Kand high L

near-sorted: low Kand low L scrambled: K=L=100%

low Kand high L; or | addresses global &
high Kand low L [ (ocaldisorder

[inspired by BenMoshe, ICDT 2011] 24



Coming Up...

Sortedness-Aware
(SWARE) Paradigm
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Sortedness-Aware Paradigm (SWARE)

S+(E+ @

intelligent opportunistic increased fill
buffering bulk loading and split factor

SWARE framework can be applied to any tree-index!
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SWARE Ingestion

append & sort if needed

SWARE Buffer | |

Zonemaps and Bloom filters
for point and range queries

: Intelligent
D — tail leaf node
buffering

Leaf pages ven D

38 &
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SWARE Ingestion
]
SWAREBuffer @ ) g —
" -

flush half to capture
future sortedness

opportunistic

() — tailleafnode bulk loading

overlap causes
“top-insert”

Leaf pages (1) (000 (000 (0

increased fill

&
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SWARE Ingestion
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SWAREBuffer ) g —
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opportunistic
bulk loading

overlap causes
“top-insert”

Leaf pages (N0 (000 (000
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SWARE Ingestion

]
SWAREBuffer _ ) g —
-

opportunistic bulk loading resumes!

opportunistic
bulk loading

D — tail leaf node

overlap causes
“top-insert”

Leaf pages (N0 (000 (000
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SWARE Bridges Bulk-loading & Top-Inserts

200 4 |ndividual Inserts -e-Bulk loading -—Sortedness-Aware
>150 - —A
o
c
o . .

5100 - achieves our key design goal!
)
® 50 -
£ — e
0 * *- *- * *- - =
100-10° §0-50 25-2° 10-10 5-5 1A 0-0

K-L (%) sortedness combinations
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SWARE Benefits for ™ Writes

—>B-tree cost - - Scrambled ——Lesssorted ——Near-sorted —Fully sorted
10 up to 9x for write-heavy workloads
— P y
8
o .
= up to 4x for mixed
b reads & writes
A 4
2
0
10:90 25:75 40:60 50:50 00:40 75:25 90:10
Read-Write Ratio
2 Use sortedness as aresource!
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Can We Exploit Sortedness w/o Buffering?

Quick Insertion Tree
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Tail-Leaf Inserts in PostgreSQL

Normal Insertion (top-insert) Tail-leaf Insertion
’ Insert Key 65 Insert Key 65 tail-leaf-ptr min_val(55)
A ” | o
35
is 65 >= minm
35 yes!
J’ i 15 ;; 45 | 55

— — r [ | \
l J \ 4 N
55 60 b5
N S — 5 | 10 15 | 20 25 | 30 35 | 40 45 | 50 “

add key to tail
leaf directly!
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Does This Always Work?

/ Works for fully and very highly sorted data

100 A
7 tail-BT-tree

% fast-inserts
(@)
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O | | | | | | | | |
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_of- ' outliers
Tail-leaf’s buffer is limited to 7 out-of-order entries (K)
leaf node! ‘A
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Does This Always Work?

/ Works for fully and very highly sorted data

tail-BT-tree
Degrades very quickly

100 -

% fast-inserts
(@)
S

\
( ]
O | | | I,’qqquq-l | | | |
0 0.01 0.05 0.1 0.5 1 3 5 10
_of- ' outliers
Tail-leaf’s buffer is limited to 76 out-of-order entries (K)
leaf node! ‘A
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Last Insertion Leaf (¢¢)

’ Insert Key 65 ‘ &'e-ptr o min_val(55)

Y 4
> is 65 >= minh
yes!
v \4
15 | 25 45 | 55
l_ \4 v &
5 | 10 15 | 20 25 | 30 35 | 40 45 | 50 m

add key to &/
leaf directly!

What if we insert an out-of-order key instead?
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Last Insertion Leaf (¢¢)

” Insert Key 65 ‘ [ég-ptr 0 min_val(55)

top-insert through the root

|35
|

15 | 25 45 | 55

I ; \ 4
5 | 10 15 | 20 25 | 30 35 | 40 45 | s0 n
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Last Insertion Leaf (¢¢)

also update min_val!

” Insert Key 65 ‘ [ég-ptr 0 min_val(55)

top-insert through the root

|35

|
v 1

update pointer to &¢ 15 | 25 a5 | 55

Every top-insert will update €&

0
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¢ 1n Action

tail-B+ tree B lil-B+ tree
120 -

100 +

80 -

60 -

40 -

% fastinserts

20 -

0.05 0.1 0.5 1 3
% out of order entries (K)

¢l achieves higher fraction of fast-inserts

0
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|s ¢¢ |deal”?

tail-B+ tree B lil-B+ tree

120 - . . .
out-of-order insert in & causes 2 top-inserts:

100 -

80 - one moves &to a different node

60 - one moves & back to the in-order node

40 -

% fastinserts

20 A

7 I/
7 7
f = ﬁ
% 7
% - 7
%7 W

0 0.01 0.05 0.1 0.5 1 3
% out of order entries (K)

¢l pays a penalty for every out-of-order insert!

0
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|deally, we should incur at most one
top-insert for every out-of-order entry
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Quick Insertion Tree

Insert (x, v)
similar to B*-tree in design or top-insert l \
+ . . if xisin
offers fast-path ingestion fast-path range
+
sortedness-aware

+

minimal metadata + tuning /I\A A\ @ /l\A.]

fast-path
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° °
Predicting the Ordered Leaf (4ole)

pole_prev pole

tail-leaf quickly fills up with p P
outliers

¢ naively switches fast-path

decision: when do we update the
fast-path ?

0
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Predicting the Ordered Leaf (4ole)

pole_preo pole pole_nert

tail-leaf quickly fills up with p a | Il
outliers

¢ naively switches fast-path

decision: when do we update the
fast-path ?
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° °
Predicting the Ordered Leaf (4ole)

pole_preo pole pole_nert

tail-leaf quickly fills up with p a | Il

outliers

predict using In-order Key estimatoR (IKR)
¢ naively switches fast-path

« . X
decision: when do we update the

q—b
fast-path ? =q + ( - poleg;,sapsecelgmall
- size deviations

density between two
non-outliers

0
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° °
Predicting the Ordered Leaf (4ole)

pole_preo pole pole_nert

tail-leaf quickly fills up with p a | Il

outliers

predict using In-order Key estimatoR (IKR)
¢ naively switches fast-path

« . X
decision: when do we update the

q—b
fast-path ? =q + ( - poleg;,sapsecelgmall
- size deviations

density between two
non-outliers

any key > x is an outlier

0
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° °
Predicting the Ordered Leaf (4ole)

if(key is within pole range){ ;QMQL46¢aa ﬂhdb
if(pole.size < capacity){
pole.insert(entry); p _m
}
else{

pole next = pole.split();
r = pole_next.min;
x = IKR(q, p, pole prev.size, pole.size);
if(r <= x){
pole prev = pole;
pole = pole.next;

}
}
¥
else{
1 = insert(entry);
¥
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° °
Predicting the Ordered Leaf (4ole)

if(key is within pole range){ ;QMQLJézaa ;&d@

check if key qualifies for a fast-insert p _’E:ﬂ

}

else{
1 = insert(entry);

otherwise, top-insert through root

0
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° °
Predicting the Ordered Leaf (4ole)

if(key is within pole range){ ;QMQL46zaa ;&d@

if(pole.size < capacity){

pole.insert(entry); p ml

}
if sole is not full, simply insert
}
else{
1 = insert(entry);
}
1O
)
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° °
Predicting the Ordered Leaf (4ole)

if(key is within pole range){ ;&uﬁg46zaa ;&d?

if(pole.size < capacity){

pole.insert(entry); p {_ﬂ!J

} otherwise, split zaole

else{ cl.
pole next = pole.split(); after splitting

r = pole_next.min; W—ﬂw ,édle W wert

p m r

}
}
else{
1 = insert(entry);
}
O
T
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Predicting the Ordered Leaf (4ole)

if(key is within pole range){ ,auQLJezaa ;&d@
if(pole.size < capacity){
pole.insert(entry); |
- p g | ]
else
1 t = pole.split(); after splittin
polecrext = B SN0S  aloulate x plitting
x = IKR(gq, p, pole prev.size, pole.size); ;&M@_ﬁ%wu ’hdb ’hdz—!“nt
p o T L
} X
) q—p
else{1 - . =q+ ( - poleg;,Safisualenall
) = insert(entry); = size deviations
density between defaultto 7.5
two non-outliers
O
T
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° °
Predicting the Ordered Leaf (4ole)

if(key is within pole range){ ;&uﬁg46zaa ;&d?

if(pole.size < capacity){

pole. insert (entry); p g | |

}
else{ o
pole next = pole.split(); after splitting
r = pole_next.min;
x = IKR(gq, p, pole prev.size, pole.size); ;&M@_ﬁuwu ’hdb ’hdz—!“nt
T et — ]
pole_prev = pole; if sole uext has at least P 9 -
pole = pole.next; .
} one non-outlier updated gole
}
} otherwise, zole remains as is
else{
1 = insert(entry);
}
O
T
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Can We Better Utilize Space?

pole_preo pole pole_nert

high sortedness => poor space utilization

can we find better split points?

IKR can also return the split point

return last key <= x in gole

0
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Can We Better Utilize Space?

high sortedness => poor space utilization |
p e | Ilr
1 pos = IKR(q, p, pole prev.size); let’s call this keyé
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Can We Better Utilize Space?

high sortedness => poor space utilization |

p g | L
1, 1 pos = IKR(g, p, pole prev.size); let’s call this keyé
if(1l_pos <= 50%){ _ .

pole next = pole.split(l _pos); after splitting, if _ze¢ < 50%
|
p gd |
split at/?

this moves all outliers to gole nex?

0
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Can We Better Utilize Space?

high sortedness => poor space utilization |
p e | Ilr
1 pos = IKR(q, p, pole prev.size); let’s call this keyé

after splitting, if ¢_zes >50%

else{ pole_frex fole pole_wext
pole.next = pole.split(l pos - 1);
pole prev = pole; P —\ q -I
pole = pole.next; .

} split at¢_zee - 1 Updated gele

this moves at least one non-outlier to gole_wext

0
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Evaluating QulT

System: Index Setup:

- Intel Xeon Gold 5230 - Node size = 4KB

- 2.1GHZ processor w. 20 cores - Entire index in memory
- 384GB RAM, 28MB L3 cache - fuzzy scalein IKR=1.5

- 500M entries (4B + 4B)

0
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QulT Outperforms All Baselines

W tail-B+tree M lil-B+tree E ART O QuliT

2x faster than tail-B*-tree

9 40 b 13% faster than lil
) b
L 1.58x faster than ART
(/]
o
o) 30
z
5 20
o
<
=4
E 10
=

0

0 1 3 ) 10 25 50 100
% out-of-order entries (K)
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|
QulT Outperforms All Baselines

W tail-B+tree M lil-B+tree E ART O QuliT

2x faster than tail-B*-tree

aay , — ART faster for less-sorted data
10 [ EEE HH T

’8‘ 40 13% faster than Lil
L 1.58x faster than ART
(/]

o

o) 30

z

5 20

o

£

)

=

o

<

0 1 3 ) 10 25 50 100
% out-of-order entries (K)
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QuIlT Increases Occupancy in L

H B+tree B QuIT

o
o
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QuIlT Increases Occupancy in L
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higher leaf occupancy reduces memory footprinty’
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QuIT v/s SWARE

= N W b
o O O O o

throughput (MOps/sec)

ingestion performance
B SWARE ® QuIT

7x

1.85x

T T ‘If.55x

O 1 3 4 10 25 50 100
% out-of-order entries

BOSTON
UNIVERSITY

integrate SWARE with same B*-tree as QuIT

up to 2.06x faster

avoids SWARE buffer management v/

minimal metadata v/

63



QuIT v/s SWARE

ingestion performance point lookup performance

117 WSWARE B QuIT B SWARE B QuIT
R ’8 12% ., 28% 32% o 26%
§40 §1.5 1 1 l l i/" 218/" 24% l
1
O =
=2 205
310 £
N 5 0.0
£ 0 1 3 4 10 25 50 100 = 0O 1 3 4 10 25 50 100
" % out-of-order entries % out-of-order entries

No buffering = no read overhead!
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Qualitatively Comparing SWARE & QulT

tail-Btree —SWARE —QulT

sortedness-awareness

read cost tuning complexity

desigh complexity memory utilization

QulT offers: higher sortedness-awareness + no read penalty +
minimal design & tuning complexity
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Benchmarking Learned and LSM Indexes

LSM-tree

2.0 2.5
- 380
- 360
340
320
300
280

260

Ingestion Throughput (KOps)

240
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Summary

ldentify “sortedness” as a resource to reduce indexing cost

SWARE framework offers sortedness-awareness to any index, but incurs read penalty

QuIT offers fast ingestion with no read penalty + lightweight design

Currently exploring concurrency control for QuiT
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Our Team

Shaolin Xie Subhadeep Sarkar

Be Microsoft

BOSTON
UNIVERSITY

Matthaios Olma
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