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NVRAM

* System integration:
— NVMe: block devices on the PCle bus
— NVDIMM: persistent RAM, byte-level access

* Low latency INTEL PERSISTENT MEMORY BASED ON 3D XPOINT™
— Lower than Flash, Fos voane boense 4 e
— close to DRAM D ...
— Asymmetric (r<w) Bl 3 y .
* Fine-grained access Mots AN o5
ol LAIINZE}:I,%]TEACK .’» vmware
— 512byte for NMVe

— NVDIMM: cache-line

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris



\ CWL_

NVRAM: DB impact

* Back to the 5-minute rule:
— Restoring old balance of latency and bandwidth?

Many challenges in OLTP
— index structures, (in-page) logging
— ensure consistency, prevent leakage, control wear

=» what about OLAP?

Should we re-think warehouse storage for low-
latency persistent memories?
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Abstract Analytical workloads in data warehouses of-
ten include heavy joins where queries involve multiple
fact tables in addition to the typical star-patterns, di-
mensional grouping and selections. In this paper we
propose a new processing and storage framework called
Bitwise Dimensional Co-Clustering (BDCC) that avoids
replication and thus keeps updates fast, yet is able to
accelerate all these foreign key joins, efficiently sup-
port grouping and pushes down most dimensional se-
lections. The core idea of BDCC is to cluster each table
on a mix of dimensions, each possibly derived from at-
tributes imported over an incoming foreign key and this
way creating foreign key connected tables with partially
shared clusterings. These are later used to accelerate
any join between two tables that have some dimension
in common; and additionally permit to push down and
propagate selections (reduce I/O) and accelerate ag-
gregation and ordering operations. Besides the general
framework, we describe an algorithm to derive such a
physical co-clustering database automatically and de-
scribe query processing and query optimization tech-
niques that can easily be fitted into existing relational
engines. We present an experimental evaluation on the
TPC-H benchmark in the Vectorwise system, showing
that co-clustering can significantly enhance its already
high performance and at the same time significantly
reduce the memory consumption of the system.
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1 Introduction

Data warehouses keep on growing, pushing the limits
of machines and database technology, while analysts
rely more on interactive systems. This requires robust
query performance in terms of interactivity and quick
response time for a broad set of queries but also in the
need for shorter update cycles of the database. Also, an-
alytical databases often go beyond the form of star and
snow flake schemas and contain multiple large (fact)
tables that are joined during the analysis. For exam-
ple, the TPC-DS benchmark models 7 fact tables con-
nected only through dimension tables, and a common
use-case in warehousing is to analyze multiple snap-
shots of the same schema, joining fact tables with dif-
ferent versions of itself, in order to identify trends. This
results in large joins dominating query execution and
complicates meeting the above requirements.

In the area of physical data organization, data ware-
housing technology has come up with many approaches.
Most important are indexing, clustering, partitioning
and materialization. While all these techniques have
their advantages, the also come with drawbacks: table
partitioning works best only for rather coarse-grained
schemes, materialization/replication requires additional
storage overhead and increases update costs, and clus-
tering typically accelerates only scans and selections.

In this work, we present a novel storage and process-
ing framework that avoids these drawbacks. The basic
idea of our Bitwise Dimensional Co-Clustering (short
BDCC) approach is to cluster each table on multiple
dimensions which are derived from foreign key rela-
tionships. In this way, we create foreign key connected
tables (partially) sharing clustering while allowing fine-
grained granularities of up to millions of groups. This
gives us the opportunity to optimize query execution
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BDCC: how tables are stored

dimension keys (colored) | BDCC (fact) table\ consecutive tuples with equal _bdcc_ = group
“vear 'category 'branch BI0 cols _bdcc_

( dimension table | --_“nlllll“ 0000000000000000000000 artition 1
binnr value y DO000000000000000000C - .
0000 | 1997 1 o ¢ | ll[T z | 0000000000000000000001 [] P*"*"**"?
0001 | 1998 1907 | 2 |0 [ d T v | 0000000000000000000010 <1 partition 3

[ eee | eee | e | e ] e | . | |
0111 | 2004 § 13007 999 | 245 | a ([l =z [0 5000 =T partition 10
L 0051 0 1 0 | b LIl X | 7000000000000000000000 [<] partition 11
1110 2011 0C U a z DOO00000000000000000 -
1111 | 2012 2005] 1| 0 d 1000000000000000000001 partition 12

2012 098 | 248 | a [|[[[| 2 | 1117111111111100001010

mmm“lml“w

partition 100
partition 101

_bdcc_ column ordering =2 works in column stores

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris
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Bitwise Interleaving =
/-Ordering

Computationally cheaper ;

than eg Hilbert Curve

27 ///' 2
Almost as nice properties 7/7 222222
Z7Z 12/ //// A
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BDCC - Data Order

e any bit interleaving of dimensions possible
e round-robin = Z-order
e major-minor = classical MD index (eg DB2)
e any bitmix in between

e our automatic algorithms use
e round robin bit interleaving

e clustering depth based on column densities,
typically 32KB (SSD) and 512KB (HDD) blocks

TECHNISCHE
z Q |||||||
ILMENAU
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BDCC - What is it?

 Multi-dimensional indexing

— table indexing: not multi-media (audio,image) indexing here ©

— limited amount of dimensions (up to 5..7)
 Multi-table clustering (co-clustering)

— indexing on dimensions from other tables..

— ..reachable over foreign-key relationships

— and exploiting common indexing dimensions among tables in operators
* Grouping into MILLIONS of very small groups

— scattered access patterns = Flash IO friendly!

— clustering: because millions not possible with partitioning

* Column-store optimized
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BDCC - The Idea

FARTSUFF (FS )
SFBaFaar
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|
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msmu Nt
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-

|
|
REGIONKEY ’
COMMENT ’

LINEITERI JL _}
SF“ 6400080

ORDERS O _j
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1

CUSTKEY
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ORDERDATE
ORDER-
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TRUET,
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$

REGIONKEY

OMMENT

COMMENT

How does this help:
* selection?

e order by?

* Aggregation?

*FK join?
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What BDCC gives you

Accelerates
* Most Selections -> selection push-down, correlations
* Most Groupings
* All Foreign Key Joins (no matter if dimensions are involved)
* even removes joins, turning them into selections
e Certain Order-by
Mostly through strong reduction of memory usage

while
* No storage overhead: every tuple stored once
e Bulk update-friendly
* Easy to parallelize query processing

TECHNISCHE
+ UNIVERSITAT
h ILMENAU
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Two Stages of the Project

* Bitwise Dimensional Co-Clustering (BDCC)
—1/0 level clustering and indexing

— Query processing via PartitionSplit, PartitionRestart
published in VLDBJ 2016

* Deep Dimensional Co-Clustering(DDC)
—additional I/O block clustering

— Query processing via DDC-Recluster()
unpublished yet.. WIP

o7/ TECHNISCHE
+ UNIVERSITAT
ILMENAU
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BDCC Structures

e BDCC dimension

— mapping to consecutive integers
— balancing through histograms and Hu-Tucker

e BDCC table

— re-ordered primary copy
— additional bdcc order attribute

e BDCC count table
— summary table (_bdcc , count )
— cluster access index

TECHNISCHE
+« UNIVERSITAT
h ILMENAU
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BDCC Structures

TECHNISCHE
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LINEITEM date
| datekey | custkey |partkey| D I 7
DO Cc2 P2 y
D2 C1 P1 z
01 C_O PO y t]1]ojclo]o
D3 c3 P2 |l z | —
D1 c3 | P3 x| PG e U=U.
D3 C1 P3 z el
D2 Co P1 y -
DO (_30 PO z_ M;ioioi1:||o|o| P: FKLC
D:f__gan Us=U,
- - '
M:[clofofe]1[1] P:FRLP

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris
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BDCC Structures

ﬁf/

TECHNISCHE
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LINEITEM drie
 datekey | custkey |partkey D I 7
DO c2 P2 y
D2 Cc1 P1 z
01 C_O PO 4 1]1]olc]o]o
D3 C3 P2 Il z | —
D1 c3 | P3 x| PG e U=U.
D3 C1 P3 z el
D2 co P1 y -
DO (_30 PO z_ M:ioioi1::|o|o| P:FKLC
D-'QE"' Us=U,
- -..‘._
M:|clofofeli]1] P:FKLP

intermediate LINEITEM |

| vear | continent| name |datekey| custkey [partkey| ||| lcols|
1997 | Asia | bolts DO c2 P2 v
1999 | America | nails D2 C1 P1 z
1998 | Africa |screws D1 Co PO y
2000 | Europe | bolts D3 c3 P2 z |
1998 | Europe | pins D1 C3 P3 X
2000 | America | pins D3 c1 P3 z
1999 | Africa | nails | D2 Co P1 ¥
1997 | Africa [screws| DO Co PO z_

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris
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BDCC Structures

m.

TECHNISCHE
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LINEITEM date intermediate LINEITEM |

| datekey | custkey |partkey - | vear | continent | name |datekey| custkey [partkey| ||| lcols]
DO c2 P2 y 2 1997 | Asia | bolts DO c2 P2 v
D2 C1 P1 z 1999 | America | nails D2 C1 P1 z
D1 Cco PO y t131olele 0 1998 Africa screws D1 CO PO y
D3 Cc3 P2_[llll z | 2000 | Europe | bolts D3 C3 P2 z
D1 c3 P3 X 1998 | Europe | pins D1 C3 P3 X
p3 C1 P3 z 2000 | America | pins p3 C1 P3 z
D2 Co P1 y 1999 | Africa | nails | D2 Co P1 ¥
DO Co PO z 1997 | Africa |screws| DO Co PO z_|

“Difnensjon Use” P " iuwo(binD_val)
“Dimensi Xtrog 1100 (DiN,, (C_val))
“Dimension Use” = ozor: (Bin:(F-val)
unsorted BDCC LINEITEM |

.datekey | custkey [partkey] ||| icols| bdcc

DO c2 P2 vy 1001000

D2 C1 P1 z 1100101

D1 co PO y 1010011

D3 Cc3 P2 z 111100

D1 ca P3 x 1011110

D3 C1 P3 2 1110110

D2 Co P1 v 1100001

DO co PO z_[000011

AA

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris
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BDCC Structures

m.
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LINEITEM =
| datekey | custkey |partkey | ) mgg 1397
DO C2 P2 v
D2 c1 P1 2
D1 CO PO y t[1]o]e]e]o
D3 C3 P2 |l z |
D1 C3 P3 x
D3 c1 P3 z
D2 Co P1 v
DO Co PO z_
count LINEITEM (BDCC LINEITEM |
_cnt_|_bdcc_ tekev [ custkev[partkoy] [l kol
2 | 00000O — DO P2 X_1000000
4 | 000001 DO Co P1 y 1000001
S__1 000010 Do | ca | PO v 1001111]
3 000011 D1 C0 P2 v | 010000
4 | 000100 D3 8 Pa FREELIED
aes s 3 9 3 x 1110110
-SRI D3 1 ¢3 | Po FEEEEEEE

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris

intermediate LINEITEM |
| year | continent| name |datekey| custkey |partkey| ||| icols|
1997 | Asia | bolts DO c2 P2 ¥
1999 | America | nails p2 C1 P1 z
1998 | Africa |screws D1 CO0 PO y
2000 | Europe | bolts D3 c3 P2 z
1998 | Europe | pins D1 c3 P3 X
2000 | America | pins D3 C1 P3 z
1999 | Africa | nails | D2 Co P1 ¥
1997 | Africa |screws| DO Co PO z_
| Xtry 15000 (bin(D_val))
> XMl 00, (bin. (C_val))
> Xl 3001 1 (bin. (P_val))
unsorted BDCC LINEITEM |
| datekey | custkey [partkey] ||| icols) bdcc
DO c2 P2 y 1001000
D2 C1 P1 z 1100101
D1 o) PO y |010011
D3 Cc3 P2 z |111100
D1 c3 P3 x 1011110
D3 C1 P3 z 1110110
D2 co P1 v_ 1100001
DO co PO z_|000011
AA

16



count LINEITEM|
~cnt_ | _bdcc_
2 | 000000
4 | 000001
5 | 000010
3 | 000011
4 | 000100
4 | 111111

m.

TECHNISCHE
UNIVERSITAT

ILMENAU

BDCC Structures

(BDCC LINEITEM |

| partkey ols._bdcc
DO C0 P2 z 1000000
DO (o) P2 X_1 000000
DO C0 P1 y 1000001
DO c3 PO y 1001111
D1 c0 P2 y 1010000

3 c ¢ z
3 C1 p3 X 1110110
c3 PO X 1111111

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris
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Example

“count total ordered items from Germany per day and supplier”

SELECT o orderdate, s name, count (*)
FROM NATION, SUPPLIER, ORDERS, LINEITEM
WHERE n nationkey=s nationkey
AND s suppkey=1l suppkey
AND 1 orderkey=o orderkey
AND n name='Germany'
GROUP BY o orderdate, s name
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Relational Algebra Plan

11,275,426
Summary
time: 35.15s HashAggr MEM: 1065MB
I/0: 4.44GB o_orderdate,s_name
MEM: 2.06GB c=count(*)

24,040,880
HashJoin MEM: 1224MB
|_orderkey o_orderkey
150,000,000 24,040,880
Scan ORDERS HashdJoin
o_orderkey,o_orderdate | ||_suppkey s_suppkey
600,037,902 l40,045
Scan LINEITEM HashJoin
|_orderkey,|_suppkey| |s_nationkey n_nationkey
\1
Select
1,000,000 n_name = Germany
Scan SUPPLIER [25
s_suppkey,s_nationkey, Scan NATION
s_name n_nationkey,n_name




W Centrum Wiskunde & Informatic

a

Relational Algebra Plan

11,275,426
Summary
time: 35.15s HashAggr MEM
1/0: 4.44GB o_orderdate,s_name
MEM: 2.06GB c=count(*)

HashdJoi

24,040,880

n

|_orderkey o_orderkey

150,000,000

24,040,880

Scan ORDERS

o_orderkey,o_orderdate

HashdJoin
|_suppkey s_suppkey

600,037,902

/40.045

Scan LINEITEM
|_orderkey,|_suppkey

HashdJoin
s_nationkey n_nationkey

1,000,000

\1

Select
n_name = Germany

BDCCscan ORDERS
o_orderkey,o_orderdate
(Ud, D_DATE,11100,0,7)

(Uc,D_NATION,11,0,3)

Scan SUPPLIER
s_suppkey,s_nationkey,
S_name

| 25

Scan NATION
n_nationkey,n_name

BDCCscan LINEITEM
|_orderkey,|_suppkey
(Ud,D_DATE,11100000,0,7)
(Uc,D_NATION,11000,0,3)
(Us,D_NATION,111,5,5)

BDCCscan SUPPLIER
s_suppkey,s_name,
(Us,D_NATION,111,5,5)

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris




BDCC-scan

BDCCscan LINEITEM
|_orderkey,|_suppkey

(Ud,D_DATE,11100000,0,7)
(Uc,D_NATION,11000,0,3)
(Us,D_NATION,111,5,

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris
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BDCC-scan

BDCCscan LINEITEM
|_orderkey,|_suppkey
(Ud,D_DATE,11100000,0,7)
(Uc,D_NATION,11000,0,3)

« extracts bdcc bits = gid_column (Us.D_NATION, 111,55

d;s;c;d,s,c,d; s, ¢, - d,d,d,c;¢,555,5,
» delivers tuples ordered on gid
« performs selection pushdown ([lo-hi])

Basic ldea:
« BDCC-scan delivers sorted stream
but sorting is free! As fast as a normal scan
 carefully controlled scatter access pattern
we clustered on | _bdcc | bits, but can BDCC-scan with less
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BDCC FetchScan

e uses count-table to find the needed bdcc_ ranges
e fetches tuple ranges in a particular order
e returns an ascending gid_column in the tuples

o 2 o :QdeQQccQQ S wa
__Qqid__ _qid__ 000000 k|
000000 000000 000001 | 0000 gid__|
000001 000001 ——LL 0001 0010
000011 000011 010000 | 0011
010001 0100 0110
000100 000100 0100 =_—J
(000101 | [ 000101 AL [ 0101 o
111111 111111 1111

“order by cust, prod, date” = ¢ = ((Uc, 110000, 0, 3),{Up, 001100, 0, 3,,<Ud, 000011, 0, 3
“order by prod, cust, date™ = ¢ = ((Up, 110000, 0, 3),(Uc, 001100, 0, 3),<Ud, 000011, 0, 3
“order by cust, date™ = g3 = (U, 1100, 0, 3),(Ug, 0011, 0, 3»

“order by cust, date where date >« 1999" = g, = (U, 1100, 0, 3),(Ug, 0011, 2, 30

BDCC: Bitwise Dimensional Co-Clustering — Google Talk -- 23 May 2017 -- Peter Boncz

23
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BDCC - Query Processing

* Partition-wise operator execution
— hash based join, grouping/aggregation

— better cache utilization

e Sandwich Operators 2 PartitionSplit & PartitionRestart
— sideways information passing: PartitionRestart.cross-partition? (_gid_ change)
=>» HashAggr/Join.flush() & PartitionSplit.next-partition()

[ 1=

o PartitionRestart === {_ﬁl’arﬁﬁonkoslcrt """""
f - : f =
HashAggr ' HashJoin
. f - E } RSO
e ’LPcfﬁﬁonSplif - >|=Paniﬁonsplit LPorﬁﬁonSplit - -’

E L

BDCCScan BDCCScan BDCCScan
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BDCC - Performance
Sandwich Operators

e Micro-Benchmarks (TPC-H SF10, LINEITEM-ORDERS)

6 600 @
e S iesgyr ] 502
QE) g :x '+~~,+._‘+_.‘ timejoin s : ggg %))
P A gy e JOIN 0] 200 3
pord X
3 1[0 T, ] 100§
@
=3 10
X 25 F DTLB aggr 18 g
o = LL aggr -
§1§ R DTLBjoin -+ 16 &
[ g Yoo LLjoin % 4 4 @

~ond ares d¥

805 "'-k‘**" '¥’TT!'¥’!¥ 1 2 _El
E 0 I SIS S S S 4 . 0 -

o
o
-
o
-
o ]
n
o

number of bits
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Relational Algebra Plan

11,275,426 11,275,426
Summary . PartitionRestart Summary
time: 35.15s HashAggr time: 9.35s
I/0: 4.44GB o_orderdate,s_name HashAggr MEM: 186MB VO: 0.86GB
MEM: 2.06GB c=count(*) o_orderdate,s_name MEM: 12MB
c=count(*)
24,040,880 — -
PartitionSplit(orders.gid >> 2)
HashJoin 24,040,880
_orderkey o_orderkey PartitionR

190,000 24,040,880 HashJoin MEM: 77MB
Scan ORDERS HashJoin |_orderkey o_orderke
o_orderkey,o_orderdate | ||_suppkey s_suppkey

PartitionSpIi_t(orders.gid) PartitionSpIit(Iineitam.gid >>3)

600,037,902

HashJoin
s_nationkey n_nationkey

Scan LINEITEM
|_orderkey,|_suppkey

\1

Select

1.000.000 n_name = Germany
Scan SUPPLIER &
s_suppkey,s_nationkey, Scan NATION
S_name n_nationkey,n_name

Selection Pushdown +

Dimension Join Eliminationcrs: D 2018, Paris
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Relational Algebra Plan

11.275.426 11,275,426
Summary PartitionRestart Summary
time: 35.15s HashAggr time: 9.35s
I/0: 4.44GB o_orderdate,s_name HashAggr MEM: 186MB /O: 0.86GB
MEM: 2.06GB c=count(*) o_orderdate,s_name MEM: 12MB
c=count(*)
PartitionSplit(orders.gid >> 2)
HashJoin 24,040,880 '
_orderkey o_orderkey PartitionRestart
150,000,000 24,040,880 HashJoin MEM: 77MB
Scan ORDERS HashJoin |_orderkey o_orderke
o_orderkey,o_orderdate | ||_suppkey s_suppkey
PartitionSpIit(orders.gi;d) PartitionSplit(lineitem.gid >> 3)
600,037,902 40.045 150,000,000 ] |24,045,880
Scan LINEITEM HashJoin BDrzC:(ca“ OR:’ERdSt HashJoin
oy | o s nationke ationkev o_orderkey,o_orderdate
|_orderkey,|_suppkeyfl |s_nationkey “nfn ationkey (Ud, D_DATE 11100,0.7) |_suppkey s_suppkey
\! (Uc,D_NATION,11,0,3)
Select 24,040,880
1.000.000 n_name = Germany BDCC LINEITEM
Scan SUPPLIER 2o I_orderkey,|_suppkey BDCCscan SUPPLIER
s_suppkey,s_nationkey, Scan NATION (Ud,D_DATE,11100000,0,7) s_suppkey,s_name,
s_name n_nationkey,n_name (Uc,D_NATION,11000,0,3) (Us,D_NATION,111,5,5)
(Us,D_NATION,111,5,5)

Selection Pushdown +

Dimension Join Eliminationcrs: D 2018, Paris
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Co-Clustering Close-up

PART (P} PARTSUPP (PS | LINEITEM {L_} ORDERS (O )
SF*200,000 SF*800,000 SF*6,000,000 SF*1,500,000
PARTKEY ORDERKEY || ORDERKEY
SUPPKEY PARTKEY CUSTKEY
AVAILQTY SUPPKEY ORDERSTATUS
SUPPLYCOST LINENUMBER TOTALPRICE
COMMENT QUANTITY ORDERDATE
EXTENDEDPRICE ORDER-
CUSTOMER (C_) PRIORITY
SF*150,000 OUNT
Disc CLERK
CUSTKEY
TAX SHIP-
HANE RETURNFLAG PRIORITY
ADDRESS
LINESTATUS COMMENT
SUPPLIER (S ) NATIONKEY
SF*10,000 SHIPDATE
PHONE
SUPPKEY COMMITDATE
ACCTBAL
NAME RECEIPTDATE
MKTSEGMENT
ADDRESS SHIPINSTRUCT
NATIONKEY coNMET SHIPMODE
PHONE NATION (N_) COMMENT
25
ACCTBAL
NATIONKEY REGION (R_)
COMMENT 5
s REGIONKEY
REGIONKEY .“—’ . — .
BDCC: Explaitiag-hinaazained PersidtNAMEIemories for OLAP — HardBD 2018, Paris
COMMENT

COMMENT



|\ CWL

Co-Clustering Close-up

PART (P} PARTSUPP (PS | LINEITEM {L_} ORDERS (O )
SF*200,000 SF*800,000 SF*6,000,000 SF*1,500,000
T ORDERKEY || ORDERKEY
NAME PARTKEY CUSTKEY
MFGR SUPPKEY ORDERSTATUS
BRAND LINENUMBER TOTALPRICE
TYPE QUANTITY ORDERDATE
SIZE EXTENDEDPRICE ORDER-

CUSTOMER (C_) PRIORITY
CONTAINER SF*150.000 DISCOUNT T

CUSTKEY
RETAILPRICE TAX TR
COMMENT NAME RETURNFLAG PRIORITY

ADDRESS

LINESTATUS COMMENT
SUPPLIER (S ) —gee] NATIONKEY
SF*10,000 SHIPDATE
- PHONE

SUPPKEY COMMITDATE

ACCTBAL
NAME RECEIPTDATE

MKTSEGMENT
ADDRESS SHIPINSTRUCT
NATIONKEY  feae{ [ COMMENT SHIPMODE
PHONE NATION (N_) COMMENT

25

ACCTBAL

NATIONKEY REGION (R_)
COMMENT 5

s REGIONKEY

REGIONKEY  |=e— i

BDCC: Explaitiag-hinaazained PersidtNAMEIemories for OLAP — HardBD 2018, Paris
COMMENT
COMMENT




Common Path = Co-Clustering

PART (P} PARTSUPP (PS | LINEITEM (L} ORDERS (O
S$F*200,000 SF*800,000 SF*6,000,000 SF*1,500,000
ORDERKEY ORDERKEY
PARTKEY CUSTKEY
SUPPKEY ORDERSTATUS
LINENUMBER TOTALPRICE
QUANTITY ORDERDATE
EXTENDEDPRICE ORDER-
CUSTOMER (C_) PRIORITY
SF*150,000 N
DISCOUNT T
CUSTKEY
TAX SHIP-
HANE RETURNFLAG PRIORITY
ADDRESS
LINESTATUS COMMENT
SUPPLIER (S ) ~e] NATIONKEY
SF*10,000 SHIPDATE
PHONE
SUPPKEY COMMITDATE
ACCTBAL
NAME RECEIPTDATE
MKTSEGMENT
ADDRESS SHIPINSTRUCT
NATIONKEY commET SHIPMODE
PHONE NATION (N_) COMMENT
25
ACCTBAL
NATIONKEY REGION (R_}
COMMENT 5
HARE REGIONKEY
REGIONKEY |~ )
BDCC: Expleitiaa-mina-asained PersiqtNAMEIemories for OLAP — HardBD 2018, Paris
COMMENT
COMMENT
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Common Dimension = Accelerated Join

PART (P ) PARTSUPP (PS | LINEITEM (L} ORDERS (O
S$F*200,000 SF*800,000 SF*6,000,000 SF*1,500,000
ORDERKEY  |=g———| ORDERKEY
PARTKEY CUSTKEY
SUPPKEY ORDERSTATUS
LINENUMBER TOTALPRICE
QUANTITY ORDERDATE
EXTENDEDPRICE ORDER-
CUSTOMER (C_) PRIORITY
SF*150,000 N
DISCOUNT ~TT
CUSTKEY
TAX SHIP-
HANE RETURNFLAG PRIORITY
ADDRESS
LINESTATUS COMMENT
SUPPLIER (S ) —gee] NATIONKEY
SF*10,000 SHIPDATE
n PHONE
SUPPKEY COMMITDATE
ACCTEAL
NAME RECEIPTDATE
MKTSEGMENT
ADDRESS SHIPINSTRUCT
NATIONKEY  feae{ [ COMMENT SHIPMODE
PHONE NATION (N_) COMMENT
25
ACCTBAL
NATIONKEY REGION (R_)
COMMENT 5
s REGIONKEY
REGIONKEY |~ . — .
BDCC: Expleitiaa-mina-asained PersiqtNAMEIemories for OLAP — HardBD 2018, Paris
COMMENT
COMMENT
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BDCC: All FK Joins Accelerated!

PART (P ) PARTSUPP (PS ) LINEITEM (L } ORDERS (O }
$F*200.000 SF*800.,000 SF*6,000,000 $F*1,500,000
PARTKEY P rarcer ‘I ORDERKEY  lgJpJpt ORDERKEY
NAME SUPPKEY v PARTKEY CUSTKEY
MFGR AVAILQTY SUPPKEY ORDERSTATUS
BRAND SUPPLYCOST LINENUMBER TOTALPRICE
TYPE COMMENT QUANTITY ORDERDATE
ORDER-
SIZE CUSTOMER (C § EXTENDEDPRICH PRIORITY
CONTAINER SF*150.000 DISCOUNT ERK
CUSTKEY =
RETAILPRICE TAX T
NAM
COMMENT E RETURNFLAG PRIORITY
ADDRESS
LINESTATUS COMMENT
SUPPLIER (S ) NATIONKEY
SF*10,000 ! SHIPDATE
SUPPKEY PHONE
COMMITDATE
ACCTBAL
NAME RECEIPTDATE
MKTSEGMENT
ADDRESS SHIPINSTRUCT
NATIONKEY ORI SHIPMODE
PHONE NATION (N_) COMMENT
25
ACCTBAL
P N ATIONKEY
COMMENT .
NAME Nation
REGIONKEY dimen
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COMMENT
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BDCC - Schema Design

¢ Semi-automatic
e Input: CREATE INDEX() and FOREIGN KEY()
e Schema traversal along foreign key paths
e propagation of ,Index” dimensions
e weighted according to FK paths
e automatic creation of dimensions and tables

e round robin bit interleaving

e clustering depth based on column densities,
typically 32KB (SSD) and 512KB (HDD) blocks

TECHNISCHE
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BDCC - Optimizer

e [DU: Interesting Dimension Uses
e all dimensions determined by join, sort or
aggregation attribute

e |IDO: Interesting Dimension Orders
e all dimension order permutations of each IDU

e MDO: Maximal Dimension Orders
* Pruning of dominated sort orders of IDOs

e MDOs represent ,interesting orders” for
enumeration
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BDCC Performance

» TPC-H SF100 execution time for Much better

BDCC, cold buffer pool

power scores with
much less memory

100% Ins:| 18.45 1.54 18.53 16.02 18.76 6.12 21.08 14.00 5807 27.21 1.80 17.84 47.11 910 790 8.6 23.10 51.83 2205 10.03 60.71 BEE

100 %
80 %
60 %

40 %

20 % 'II
0%

Execution Time relativ to slowast

100% InMB] 6 231 906 670 454 6 977 379 48984 3703 162 179

100 %

80 %

60 %

Memaory usage relative to max

M |

1080

1

1189

985

83 6236 73

63 6821

s =

40 %
- ‘ ‘ ‘l
0% I l l- i | |I l ll 111
2 3 4 5 6 7 8 9
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BDCC Performance

» TPC-H SF1000 execution time for™Much better
BDCC, cold buffer pool

100% In 8!
5 100%

80 %
60 %
40 %

20 %

Execution Time relativ to slowe

0%
100% in MB!
100 %
80 %
60 %
40 %

20 %

power scores with
much less memory

18

I

il

I

nn

"l

188.4 206 313.3 193.1 303.7 61.4 351.1 206.8 8426.12079.8 223 210.1 861.5 127.1 116.9 116.4 250.2 1497.9 215.1 120.5 3987.2 1 2

Memory usage relative to max

23 2070 10831 6270 5306 23 9333 5074 26742 22789

1589 2028 12325 1

0360 646 103

88 721 21845 216

367 26345

1628
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BDCC - Updates

e Batch Update Support
e in-memory buffer
e Jlog-structured merge”

- N

DISK MEMORY
- - &= = @l ~
S o - 3 -
- 2 S = = BDCC tab U2
§ 5 t 5 t Update Buffer
o a = a sorted by _bdcc
Q Q Q Q Q
Q 3] %) 3] 3]
o fat o o
) @ @ ) @
e =

\ / X
%erge on _bh

Level N Level 2 Level 1 max size Y [BDCC tab U2 1 ] [BDCC tab U2 x]
max X elements max X elements max X elements . :
of size XA(N-1)*Y of size X*Y ofsizeY || )

RID



BDCC Updates

* TPC-H SF100 update set  «60% bulk append

speedup comp. to
cluster trees
(ordered projections,
using PDTs)
| “UEDCE | o fOr many update
sets, BDCC only
merges with
previous updates
instead of PDT merge
with full table

;i TECHNISCHE BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris 39
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Deep Dimensional Clustering (DDC)

* |dea:
— Make _bdcc_ have as many bits as possible
— For 1/O (BDCC-scan) only use the major bits (groups of ~32KB)
— Note, inside the 32KB tuple block, there is more clustering

* Inside a cache line tuples tend to belong to the same group

— ldea: exploit this locality (these deep bits) in operators
* For really cheap cache partitioning
* make joins cache-conscious again



W Centrum Wiskunde & Informatica

DDC Extensions

Idea 1: modified hash function Idea 2: recluster()

E o

[o]o]n[n[n]n[n]n]n] HashFunction
7

Problem: scattered access
to all 4 quadrants

cache size -> bad cache utilization
_ddc_ hash key

HashTable I I
HashFunction[p[o[h[n[n]n[n[n]n] Solution
| S ———
_ddc_ hash key

[ m .m] DDC_RECLUSTER

UNIVERSITAT
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DDC Performance

Hashoin01@6!

time=180,308,802,493 (8.58%)

6%)
%)

hiMem=280,080,525 (10.56%)}

est = 116

Ll 7
time=17,507,596,681 (0.83%)
cum_time=1,566,372,983,277 (74.49%)

hiMe 6,271 (0.00%)
build=-9,521,312 (-73%)
est_cost= est = x

in=350,700,190 out=350,700,190 sel=100.00 in=1,500,000,000 o

artitionSplit@67
time=5,070,037,260 (0.24%)
cum_time=27,810,604,454 (1.32%)
=1,500,000,000 sel=100.00
hiMem=16,271 (0.00%)
build=-1,328,436 (-10%)
est_cost= est = x

00,000,000 est =1 x

time=179,975,667 (0.01%)
cum_time=117,015,213,533 (5 57 %)
in=46,761,164 o
hiMem: 6.271 (0 00%)
build=47,064 (0%)

est_cost=17,999, 959 127 est = 1/1 x est_cost=120,000,000 est = 1/1 x

10(3

Project@66
037,854,569 (0.14%)
2,740,567,194 (1.08%)

=4, SOO 000 000 est = 1 x

00,000,000 est = 1 x

hiMem=1, 307 513 (0.05% ir)

est_cost=24,000,000,000 est = 1 x
colsi\nasync: 29497/29918 sync: 529918

Hashjoin01@52

tlme—115 051 432,139 (4.49%)

hiMem=16,855,407 (0.08%)

PartitionSplit@41
time=3,212,027, (0.13%)
cum_time=2,367,591,756,935 (92 41’0)
in=350,700,190 ¢ 350,700,190 sel=1
hiMem=16,271 (0.00%)
build= 03,768 (-80%)
est_cost= est = X

0.00

PartitionSplit@51
time=5,158,493,252 (0.20%)
cum_time=32,127,072,945 (1.25%)
in=1,500,000,000 cut=1,500,000,000 se!=100.00
hiMem=16,271 (0.00%)
build=-2,275,311 (-7%)
est_cost= est = x

0,700,190 _est = 1/350700190 x

time=

00,000,000 est = 1 x

Project@50

=6.203 228 53240 25041

n-350700.1 tlme—57 242, 284 283 (2.23%)

hiMem+]

bui = o o o

T

hiMem=21,478,949,384 (98.40%)

Chunk@39
time=36,963,539,690 (1.44%)
cum_time=2,307,137,444 811 (90.05%)
in=350,700,190 o 350,700,190 se!=100.00
hiMem ,813 (0.00%)
est_cost=0 est = x

350,700,190

PartitionRestart@38
=7,018,443,369 (0.27%)
,270,173,905,121 (88 60%)
in=350,700,190 o
hiMem= 27’ {0.00%)
build=-17,123,200 (-56%)
est_cost= est = x

0,700,190 est =19 x

MScan(_stephanSorders)@49
time=20,577,250,161 (0.80%)
cum_time=20,577,250,161 (0.80%)
1,500,000,000 sel=C.00
=953,470 (0.00%)
build=2,189,748 (7%)
est_cost=24,000,000,000 est = 1 x
10 (3 cols)\nasync: 44956/106093 sync: 72/106093

A A
ime=371,357,339,842 (14.49%) (2.38% in
cum_time=2,263,155,461,752 (88 33%)
in=6,046,750,873 oul = -
iMem=10,8] g% —
w71 time=371,357,339,842 (14.49%) (
B D c c est_cost=27,449,9!
hiMem=10,842,073 (0.05%)
PartitionSplit@10 | _
time=26,362,737,063 (1.03%) T TmeR LT LS OO T e
cum_time=1,772,285,405,053 (69.17%) 12,716,857 (4.66%)
in=5,999,989,709 out=5,999,989,709 sel=100.00 in=46,761,164 o 46,761,164 sel=100.00
hiMem=16,271 (0.00%) hiMem=16,271 (0.00%)
build=-10,687,112 (-35%) build=-5,357,892 (-17%)
est_cost= est = x est_cost= est = x
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Conclusion

* BDCC & DDC

— clever ordering of tables, and co-ordering of tables
— millions of tiny groups (NVRAM friendly!)
— All the goodies in one go:

 fast selections (even cross-table propagation)
 fast joins, fast groupbys, fast sorts (little RAM needed)

— Sideways info passing sandwich operators

* No need for new join/aggr operators
— QOPT framework that extends interesting orders
— Updatable using LSM ideas — data is stored only once
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Dimension Construction

ORDERDATE

Dimension = set of bins el o
0.011 Il : 1A T -
Z 0.01 F (I el Al R O
S 0.009 |l i 1
o g 0.008 || !
* Range-Binning of a . g;gggm ” m | H | JH
- 0.005 J -
domain 0.004 iy M I
0 10 20 30 40 50 60 70 80 90
° Hlstogra m_based month/year as int
binnr value ung
approaCh 0 02/03/1993 0
1 01/02/1994 0
— Needs frequency 2 23/01/1995 0
: : 3 15/02/1996 0
|nf0rmat|0n 4 02/04/1997 0
5 07/01/1998 0
6 21/12/1998 0
7 no max 0
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Assigning Bin Numbers: Naive Way

» Skew/frequent values (=»single-value bins)

mmm

(null)
Polytech .15 ool 00 O
Bachelor .08 010 01 O
Master .06 011 01 O
PhD .01 100 10 1
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Hu-Tucker Binning

* Frequency-based Bin Number Assighnment

mmmm

(null) 0000
Polytech .15 1000 100 10 1
Bachelor .08 1100 110 11 1
Master .06 1110 111 11 1
PhD .01 1111 111 11 1

Hu-Tucker = Order Respecting Huffman Coding

BDCC: Exploiting Fine-Grained Persistent Memories for OLAP — HardBD 2018, Paris
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Hu Tucker Dimension Binning

NATION

Hu-Tucker Tree Q

‘@R
O RR,
D DIOID,

5 SIEIS

pinnr value ung
0 {0000} (Am,Canada) 0
1 {0001} (Am,Peru) 1
2{0010} | (Am,United States) 1
4 {0100} (As,China) 1
8 {1000} (As,Vietnam) 0
9 {1001} (Eu,France) 1
10 {1010} (Eu,Germany) 1
12 {1100} (Eu,Romania) 1
13 {1101} (Eu,Russia) 1
1411110t sEu,United Kingdomz 1

but why is this relevant?
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Variety in Data Density of Columns

: LINEITEM COLUMNS
* | _linestatus 0.25 b/tuple L R | DISK PAGE(]
| comment30 b/tuple 2l §] 2 | =8
2| BN 5] EHH |3
R S
. Q —_
Factor 120 difference U B
sl
. . . ol
What is the optimal BDC bin size? |3
. : 3 :
- Depends on disk block size n61 sHl [
. = ol s} al
- Depends on column density NIIEd 5 S [
- o = 3 7]
S gl ) 3 |l 3
Pl Y1 O 11
What to do if a query accesses = | Bl [=] (=0 =

multiple columns of very
different densities?
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Granularity Tuning in BDCC

1. Is anissue during table creation
— A dimension is used in multiple tables
— each table needs a different granularity

2. Is an issue during query execution
— Table is clustered at some granularity
— Given a set of columns to scan:
at what granularity to scan the table?
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/-Ordering for Column Stores

there is a column-store specific argument for bit interleaving, also:
* suppose BDCC-scan(T,C,) is efficient at 8 bits, needing sorted access to supplier (s)

* suppose that selects other columns C, that are on average much
smaller than those in C,, is efficient only up to 5 bits granularity

Takeaway: column stores need a variable access granularity
 Major-minor clustering leaves the minor dimension unusable for thin columns (C.)
e Bit-interleaving (Z-ordering) allows thin column scans to profit from all dimensions



