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Abstract—This seminar report summarizes the design of column store in MonetDB and its application for information retrieval (IR) searches.
It covers the design motivation, main components, comparison between MonetDB and other related works, and discussions of potential
extension or weakness.
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1 INTRODUCTION (IR) searches [5].

MonetDB is an open source relational database managemfr;lihe rest of this report is organized as follows. First Sectio

svstem desianed for data warehouse applications. The h hntroduces the design of the column store on MonetDB and
Y 9 L P ' {ﬂen Section 3 gives the application for IR searches. After
performance of MonetDB lies in its innovations of all layers

which are designed to meet the following changes. That)is, |at’ Section 4 reviews related works, and Section 5 finally
oncludes the report.

traditional relational database management systems (RE)B
were designed for the online transaction processing (OLTP)

applications. Such OLTP applications frequently involve & DESIGN OF COLUMN SToRE oN MoNETDB
few rows and many columns of relational tables. Nowadagsl Physical Data Model

in database applications, besides the OLTP applicatitwes, bigerent from traditional database systems, MonetDB does
online analytical processing (OLAP) applications typigal 1ot store all attributes of each relational tuple (togethesne
process the multi-dimensional cubes involving severalmols record), and instead treats a relational table as vertiea-f
but a large number of rows of relational tables. (i) The 0§ mentations. Thus, MonetDB stores each column of the table
assumption of RDBMS was that the dislOl was treated as j; 5 separate (surrogate,value) table, called a BAT (Binary
the dominating performance factor. Instead modern hamlwa(ssociation Table). The left column, called head column, is
has b_ecome orders of magnitude faster but also Orderssﬁf'rogate or OID (object-identier), and only the right cohu
magnitude more complex. stores the actual attribute values (called tail). As a tesul
The above changes, including the underlying physical hafigsation table consisting ok attributes then is represented
ware and upper application model, lead to the fundamenggl k BATs. With the help of the system generated OID,
innovations [3], [7] of the MonetDB architecture, which ar@yonetDB needs to lookup the BATSs in order to reconstruct
summarized as follows. a tuple. In order to perform tuple reconstructions from khe
« Column Store: Traditional RDBMS favors a row-wiseBATs, MonetDB adopts a tuple-order alignment across akbas
fashion for single record lookups. Instead, MonetDB useslumns. That is, each attribute value belonging to a taple
column store for analytical queries of large amount d§ stored in the same position of the associated BAT.
data by better using CPU cache lines.
. Bulk query algebra: Monent designs simplified algebra | -2 ™= BAT 20’

[ (.
for much faster implementation on modern hardware. | ° 1‘ ° John Waynet 10 | ° 1\ 1907
- Cache-conscious algorithms: due to the limit of memory | 1 | 11—-> RogerMoore10 Py e |
size, MonetDB carefully uses the CPU caches for tuning | PR T N — | 2 || 1o o 1‘
of memory access patterns and thus designs a new query | PO v — B! o IV
processing algorithm (i.e., radix-partitioned hash join) ) i Smin © 1! —
. Memory access cost modeling: given the new cache- |
conscious environment, MonetDB develops a new cost | (memory-mapped)
model for query optimization. In order to work on diverse (vmuandens:mple memen ey
modern architecture, the cos model can be parameterized surogates MonetDB backend
at runtime using automatic calibration techniques. ~ Fig. 1. Colum Store of MonetDB [3]

Since the seminar is about the column databases, this report
therefore focuses on the design of column store on MonetDBNext, to represent the tail column, MonetDB considers two
(and skip the innovations designed for modern hardware)), acases. (i) For fixed-width data type (e.g., integer, deciamal
introduce an application of MonetDB for Information Retiaé  oating point numbers), MonetDB uses a C-type array. (ii) For
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variable-width data types (e.g., strings), MonetDB adapts CpPU e

dictionary encoding where the distinct values are thenestor & ol caa B :
X ) A cache = @ i» FetchJoin
in Blob and the BAT only stores an integer pointer to the T

Blob position. The BATs “name” and “age” Fig. 1 illustrate [“7 } =

the BATs with variable-width and fixed-width types of tails, e [LOEETECET  TopN

. the cach B
respectively. o P ——

When the data is loaded from disk to main memory, iy R
vectors at a fime ) add_uint_col_uint. col i
MonetDB uses the exactly same data structure to represent 'H Pl

such data on disk and in main memory. In addition, MonetDB PR | [
adopts a late tuple reconstruction to save the main memory %'Epggzﬁ}ggg;e .,a.,_u.._....__m. Nergadoin
size. That is, during the entire query evaluation, all imes shise ~ 1B : E] Al
diate data are still the column format (i.e., the integenfar i i
instead of the actual values), and the tuples with actualegal g%%}’:m /| | |, RangeScan RangeScan
are finally reconstructed before sending the tuples to fleatcl roprosenoaae | %) Ml L Bl | Boald o
We note that the success of the column store is based on - -
the observation that the column values belonging to the same EohinnBy
attributes are typically the same data types and associatked [* Eff“f{“}’f?f’"f'fﬂh” } 777777777 )
similar results. Therefore, compression techniques ,(¢hg. Main el VI N N L

adopted FOR, PFOR, PFOR-Delta [10]) can help save the memory -’Tn EE]- [D[-]

storage size of the BAT (for both fixed-width and variable-
width types). This immediately means that the reduced disk |

to load the compressed data. In addition, avoiding the Idad o Stcbie gl i
all k BATs belonging to a table from disk also helps optimize W m
the disk 10. )

Fig. 2. MonetDB architecture [5]
2.2 Execution Model

MonetDB uses an Assembly Language (namely MAL) to N duri h . he Col BMib
program the kernel. In this way, the N-ary relational algebr ext, during the query processing, the Column u

plans are then translated into the BAT algebra and Comp"g@pager, W.h'Ch is based ona cqumn-onente_d storage schgme
to MAL programs. After that, aroperator-at-a-time manner avoids reading unnecessary columns from disk for bettdr dis

is used to evaluate the MAL programs. That is, MonetD panlcljwurll]thllut;]llzatpnr.] | ) h o
first evaluates each operation to completion over its entireFIna y, the light-weight column compression, such as FOR,

input data, and then invokes subsequent data—dependentl:c))g)QR and PFOR-DELTA, further improves the disfOA

erations. This manner allows the algebra operators to perfog ndwglth utilization. NOtT that tjh_e d?ta. IS deﬁorrg:pgzssedr(])
operational optimization. In detail, based on the entiggutn 9€™Mand, at vector granularity, directly into the cache,

data, MonetDB can choose at runtime the actual algorith\PﬂthOUt writing the uncompressed data back to main memory.

and implementation to be used for better optimization. For
example, a join operation can at runtime decide to perform3a APPLICATIONS FOR IR SEARCHES

merge join algorithm if the input data is sorted, or a hash jobhallmges: Information Retrieval (IR) community has at-

otherwise; a selection operation can use a binary searble if{ mpted to solve IR searches by database queries. However,
input data is sorted, or use a hash index if available, or f ere exist two dficulties:

back to a scan otherwise. « Inefficiency issue: the current RDBMS implementation
cannot achieve desirable running time orffets from

2.3 MonetDB Architecture poor disk resource usage.

. Inexpressiveness: the current SQL cannfierorich ab-

straction for the IR search model and explicit representa-

tion of ordered data.

The system architecture of MonetDB is shown in Fig. 2.
First, MonetDB supports the standard operators such as Scan
ScanSelect, Project, Aggr, TopN, Sort, Join. During thergue
evaluation, a pipe”ne fashion is adopted by using the Qperﬁontributions: To overcome the abovefﬂbulties, the jOUrnaI
next() and close() interfaces. The next() interface diyectPaper [5] has proposed the following approaches.

returns a collection of vectors (instead of a single row of « First, to help solve the inexpressiveness challenge, the pa
tuple), where each of the vectors contains a small horizonta per proposed Matrix Framework for IR. This framework

slice of a single column. This batch result allows the commpli mapped IR models to matrix spaces and designed matrix
of MonetDB to produce data-parallel code for mof@&agent operations by treating the occurrence of tetms T in
execution on modern CPU. Alsoyactorized in-cache fashion documentdd € D as aT x D matrix. The element in the
tunes the size of the vector, such that the collection oforsct matrix then is used to represent the IR score (such as

needed by a query can fit the CPU cache. TF*IDF) of such occurrence..
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Second, the paper proposed to use sparse arrays foreheted by the above transformation from array algebra & rel
implementation of the Matrix Framework on relationational algebra) by the query languagfeved by the RDBMS
databases, and the proposed approach is designedafohand. Note that the transformation itself is trivial ahe t
efficient disk resource usage. key is the optimization of the SQL expressions transformed
Third, to dficiently answer the IR searches, the papdrom relational algebra. To this end, the paper proposed two
adopted an array query optimization technique. Thfsllowing techniques.

technique #iciently maps the operations on sparse arrays1) Enforcement of integrity constraints: After the two Ar-
(such as function mapping, array re-shaping, aggregation, rays DT and S are stored as relation®T(d,t,v) and
top-N) onto relational query plan. S(d, v), the integrity constraints exist on index columns:
Next, the proposed compression scheme also improved (i DT(d,t) is the primary key of relatioDT; (ii) S(d)

the query evaluation performance by optimizing the disk is the primary key of relatiors; and (iii) DT(d) is a

IO throughput. foreign key for the primary key5(d). The constraints
Finally, by the TREC TeraByte track data set, the perfor- help improve cardinality estimations.

mance of the propose solution outperforms the previous2) Creating access patterns: SRAM adopts the policy to
custom-built IR systems on comparable hardware. sort the tuples of transformed relations on their primary
key. This leads to creating a clustered index for each
of these relations. Such an index improveBceéency
dramatically (e.g., optimized for a MergeJoin algorithm).

3.1 Sparse relational array mapping (SRAM)

This subsection begins with a very brief introduce the gera
of sparse arrays in a RDBMS and next presents the details of
the SRAM mapping. 3.2 Arunning example

The generic approach is to store every sparse array by\e consider the following basic BM25 query:
relation and thus the array-cells by tuples. After that,hbot
the standard relational indexing structures and expligite
clusteringsorting can then optimize the data access.

The SRAM tool is to map (i) sparse arrays to relations The above query means that the indices of the 20 highest
and (ii) array operations to relational expressions. Towshacored documents are first retrieved from the arség)[d] by
the mapping, we need to know the syntax of the SRANhe TopN() construct and materialized as arr®20. Then,
itself which defines the following operations over arrayshe scores of those documents are fetched by dereferencing
direct construction, enumeration construction, arraytings the array g(d)|d] with D20.
aggregations (such as sum, prod, min, max), top-N and macr®ased on the MonetDB transformation rules, the above

functions. query is transformed to the following physical query plan:
After that, array queries are transformed by the following

steps: (i) from array algebra to relational algebra, andr@m —
relational algebra to a RDBMS, that are introduced as follow penseaggr(

D20
S20

topN([s(d)[d], 20, DESC)
[s(d)|d](D20)

The transformation from array algebra to relational algebt Plzgtj;:f](oin(
supports the following operations: FetchJoin(

MergeJoin(Scan(Q), TD, TD.termid = Q.termid), T, T.termid = Q.termid),
Y D,D.docid = TD.docid),
d [D.docid, scores = BM25(TD.tf, D.doclen, T. ftd)]),
[score = sum(scores)]),
€ [scoreDESC], 20)

Il
Ty

1) The Apply operation is the selection of array values b
their array positions. In addition, Pivot, RangeSel, an
Replicate operations can be also implemented by th
Apply operation. Those operations are called Shape-o
array operations. .
The Map operation between two arrays corresponds?i'c;3 Experiments

relational join. Aggregate and top-N are also supported.3-1 Experimental Setup

2)

3)

4)

Simplification rules are considered to simplify the .
generic translation of function mapping and aggregation
operations. For example, a redundant expression in the
original Map transformation rule is removed for less
space cost.

Arithmetic optimization is helpful to limit the increage
complexity of generic sparse array evaluation. The op-
timization is to identify some common patterns such as
(x%0) = 0,(x*1) = x,(x/1) = xlog(1) = 0. Such
identification next activates the above Simplification rule
to removes predictable computations from all translation
rules.

Next, the transformation from relational algebra to a
RDBMS is to express the purely relational query tree (gen-

Data Set: TREC TeraByte track (i.e., the GOV2 collec-
tion) has 25 million web documents, with a total size of
426GB. Systemféiciency is measured by total execution
time of 50,000 queries, andfectiveness is evaluated by
early precision (p@20) on a subset of 50 preselected
queries. In the experiments, the BM25 formula is used
for IR model to compute the term weight (including term
frequency and inverse document frequency, i.e., tf*idf).
Backend Database: MonetDB/X100 is used as the exper-
imental database due to two unique properties: i) column-
oriented storage manager that provides transparent light-
weight data compression (i.e., PFOR and PFOR-DELTA
compression algorithm) and ii) vectorized in-cache query
execution to achieve good CPU utilization.
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Run Index p@20  CPUs  Time per 4.3 Main-memory Hybrid Column Store[6]
size (GB) query (ms)

HYRISE [6] is a main memory database system and the key

Indri 100 0561001 1724 idea is to automatically partition tables into vertical itaons
Wumpus 1 03310 ! of varying widths (depending on the access patterns of the
Zettair 44 04770 1 390 y g . p g . . p

MonetDE/X100 0 05470 1 "7 table columns). That is, the columns involving frequent ®LT

style queries favor wider partitions (such that such colsmn
look like the ones in traditional row-based tables. Instéad

the columns frequently accessed as a part of OLAP analytical
queries, HYRISE creates narrow partitions for such columns
(similar to the column storage of MonetDB).

Fig. 3. Performance comparison with other works [5]

3.3.2 Experimental Results

Fig.3 summarizes theléciency and precision of MonetDB and4.4 Google BigTable [4]

three custom IR engines. All four schemes were performed ?fe Google BigTable is designed to scale for petabytes of
the same hardware with the 2006 TeraByte Track as input datg, o reqd data and thousands of commodity servers. Tlae dat
This figure indicates that MonetDB results are competitivg, oo of BigTable is a sparse, distributed, persistent imult

with only slightly less @iciency than Wumpus (117 vs. 91 MSyiensional sorted map. The map is then indexed by a row
on cold data), and less precision than Indri (0.561 vs 0.547 y, column key, and a timestamp; each value in the map is
However, Indri stfered from a significant cost in terms of '

S 5 an uninterpreted array of bytes:
execution time (117 vs 1,724 ms). (row : string, column : string, time : int64) — string.

BigTable allows client to group multiple column families
together into docality group. The locality group is generated
as a separate SSTable (an internal file of BigTable to store
4.1 MIT Column Store [9], [1], [2] data). For those column families that are not typically ased
C-Store is the first column store to comprehensivelyimplmmetoge.ther’ BigTable creates separate locality groups foremo

. . .._efficient read. Moreover, the SSTables for locality groups are
the columnar-oriented database system. It contains veita

store (WS) and read-optimized store (RS), both of which aallowable to be compressed for less space cost and higher dis

implemented by column store. After data is inserted to WS] . .
the tuple mover (TM) periodically merges the updates to RS.Compared with the above column store, BigTable shares

Designed on a grid computing environment, C-Store suppo?t%me similarities. For example, locality groups in BigEabl

. O ) - . are also similarly optimized with compression for betteskdi
transactions which include high availability and snapsbkot ; )
) . read performance. Both C-Store and BigTable are designed
lation for read-only transactions. ) ) . .
There are dierences between C-Store and MonetDB C{or shared-nothing machines. By using twofféient data
' Structures, one for recent writes, and one for storing lbreg

on . . %Q&a, they both move data from one form to the other. In this
columns that appear inside multiple projects. Each column

) . . ) . way, they both provide good performance on read-intensive
in the projects is stored with the column-wise storage layo Y y P g b

Second, the hybrid architecture (i.e.,/RE/TM components) and write-intensive applications,

. T . In terms of the diterence, column stores such as C-store

in C-Store allow the optimization of both write and read : . . )

operations. Finally. high-availability is supported inSare and MonetDB are designed to provide database-alike APIs;
P ' Y. g y PP " while BigTable provides only low-level APls. Moreover, the

locality groups of BigTable do not support CPU- cache-level
4.2 Column Store in Microsoft SQL Server 2012 [8] optimizations that are used in MonetDB.

4 REeLATED WORK AND DiscussioN

Microsoft SQL Server is a general-purpose database system )
that was designed to store data in row format. The recéhp Discussion
2012 version supports columnar storage (as a column stdeble 1 summarizes the above comparison and discussion.
index) and @icient batch-at-a-time processing. As a result, Furthermore, we discuss the potential weakness and eatensi
SQL Server 2012 supports an index stored row-wise in a B-trekcolumn store as follows.
or column-wise in a column store index. Next, the batch-at-a Recently, data mining and machine learning techniques are
time processing loads a large number of rows which greafhyppularly used in Web searches. Though the column layout
reduce CPU time and cache misses on modern processysdesigned for the data analysis (such as the batch scan,
Note that SQL server 2012 supports only a subset of the querygregation), it is unclear how it is used to improve the
operators such as scan, filter, project, hash (inner) joih aefficiency of the data mining and machine learning problems.
(local) hash aggregation. For Web documents having a large number of document terms,
When compared with MonetDB which fully supports thesuch terms correspondingly indicate a larger number atg#
column store, the SQL server 2012 allows only the colunifhough the batch-alike query processing technique carfibene
index and it is unclear whether the underlying storage layothe scan of a column, how such a technique can significantly
of data values is also designed for the column storage.  improve the the classic data mining and machine problems



UNIVERSITY OF HELSINKI. SEMINAR PAPER. COLUMN-ORIENTED SYSTEMS, 2012 FALL.

is unclear. For example, to cluster a set of documents, the
computation of the pairwise similar of documents needs to
process a large number of documents. Such a process involves
the process of the inverted lists associated with a largebeam

of terms (and thus a large number of columns). The scan
obviously might still sifer from high disk 10 caused by the
scan of such a number of columns, although the scan inside
a column still benefits from the column layout.

In addition, nowadays the modern memory capacity be-
comes larger and accommodates a large amount of data. It
is particularly true that many in-memory databases come out
to offer high performance. This partiallyffsets the benefits
achieved by the column layout. For example, compression
of data can reduce the disk 10. However, if data is inside
the memory, the disk IO is not the performance bottleneck.
Instead, the decompression will incur high overhead.

5 CoNcLusioN

In this seminar report, we summarize the techniques of
MonetDB including its column design, query processing and
architecture, and the application of MonetDB in IR searches

Also, we discuss and compare MonetDB with other column
databases. All these works indicate the column fashiter®

a promising solution for data intensive analysis. In pat8c,

the Google BigTable incorporated the column design, arsl thi

verified that the column design has been widely accepted in
both database communities and also IR communities.
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MonetDB [

C-Store

MSSQL'12 [

HYRISE

BigTable |

Column Layout

A BAT per attribute

a table maps projects, ang

each attribute in a projec
maps a column layout

Supports only column index

one table maps multiple]
projects

one table contains CFs and multiple CH
are as a locality group.

12

Compression Design|

null  suppression,dictionar
encoding,running length en
coding, bit-vector encoding,
Lempel-Ziv

Dictionary compression (for
String),RLE compression o
bit packing

dictionary-based
compression currently

a two-pass custom compression schen
Bentley and Mcllroy’s scheme for long
common strings across a large win
dow, and fast compression algorithr
that looks for repetitions in a small 1§
KB window of the data

@

Query Processing

Compression-aware
Selinger query optimization

Batch Mode Processing fo

query operators, such as

scan, filter, project, hash (in
ner) join and (local) hash|
aggregation

joins queries:both early|
and late materialization|
(i.e., position or value-
based operators). non
join queries: first po-
sition and then lookup
values. Currently single-

threaded and handles ong

operator at a time only.

not directly supported

Transaction Support

For, PFor, PFor-
Delta

an  operator-at-a-
time for runtime
optimization
decision.
complete  support

for transactions in
compliance with the
SQL:2003 standard

high availability and snap-|
shot isolation for read-only|
transactions

complete supports for ACID|
transactions

currently lacks support]
for transactions and re
covery

single-row transactions, which can b|
used to perform atomic read-modify|
write sequences on data stored unde
single row key, and not currently suppo
general transactions across row keys

[

TABLE 1

Comparison of related works



