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SAP's Bl Accelerator:
Search & Retrieval Meets Analytics

This paper describes how SAP has lever-
aged similarities and synergies between
search and multi-dimensional reporting
to create the Bl Accelerator (BIA), an
engine that works as an add-on to SAP
BW (aka NetWeaver Bl). After motivating
this approach some insights are given on
the BIA's architecture and its underlying
query processing.

1 Introduction

With the recent release of its technology
and integration platforml, NetWeaver,
SAP will ship a new BI Accelerator
(BIA?) engine as part of its business intel-
ligence (BI) component. The BIA engine
combines technologies and infrastruc-
tures from SAP's own search and retrieval
engine TREX and SAP's Business Ware-
house (BW; a business intelligence and
data warehousing platform). This ap-
proach is interesting in two ways: first, it
shows how innovation can be created by
transferring technologies, algorithms and
infrastructure that have proofed to be via-
ble in one area — search and retrieval in
this specific case — to another area — struc-
tured, multi-dimensional data. In a sec-
ond, subsequent step, the BIA engine can
be considered as a successful instance of
the general concept of bringing together
generic business software components in
one platform.

»Taking the power of Google to a
bunch of enterprise data« seems to be a
straightforward exercise to the outsider.
However, we will give some insight into
the technology problems that have to be
overcome. We will do this by comparing
the domain space of analytics to that of
search and retrieval (section 2) and then
by diving into the specific details of the
BIA engine processing (section 3). The
paper is concluded in section 4 and sum-
marized in section 5.

1. Sometimes this is also referred to as an ap-
plistructure (application infrastructure) plat-
form.

2. For the record and references: BIA has also
been referred to as High Performance Analyt-
ics (HPA) or Euclid.

2 Analytics and Search & Retrieval

In this section, we compare the areas of
analytics and search & retrieval thereby
elaborating similarities and differences.

2.1 Analytics

Let's consider an example of a typical an-
alytical query. Figure 1 shows an analyti-
cal view on some sales figures. Essential-
ly, there is a result table showing sales fig-
ures for a number of selected countries
and months. On the left hand side, a nav-
igation block allows to arbitrarily slice
and dice the data along various dimen-
sions. In addition, there is a bunch of tools
like highlighting exceptional values, pre-
senting the data graphically as charts, dis-
tributing the analysis via e-mail or an in-
tranet portal, converting currency or unit
values to other currencies/units etc.

Naturally, the user assumes the result
to show exact figures rather than approxi-
mations. Typically, he will start with an
initial, aggregated view and then dive into
more detail analysis, pivoting the data,
e.g. around the exceptional value for Italy
in 09.2003 (highlighted cell for Italy in
figure 1) by drilling down along cities or
product groups, in order to find out ori-
gins of failures or success. Filters are
based on standard boolean expressions
such as month = 09.2002 OR month =
09.2003 OR month = 09.2004.

BEx Ad-hoc Analyain

The two dominating processing steps
in that context are (a) filtering the data (on
a detailed level) and then (b) aggregating
that data to a less granular level. As initial
views on data typically start on a highly
aggregated level and drill down to a finer
granularity the focus shifts from a huge
amount of aggregation and less selective
filtering at the beginning (e.g. sales fig-
ures by months of a specific year and by a
list of countries) to little aggregation and
highly selective filtering (e.g. sales fig-
ures by days of a certain month and cities
of a specific country).

The performance of analytical queries
is highly critical. On one extreme, there
are queries being executed routinely, e.g.
to watch certain business processes like
supply chains, inventories, failure rates,
sales pipelines etc. Frequently, such que-
ries form part of, so called, analytical
dashboards or cockpits3. Performance-
relevant properties are that such queries
can be calculated prior to their routine us-
age (possibly in many variants for a huge
number of users) and that slicing and dic-
ing takes place only whenever exception-
al circumstances arise. On the other ex-
treme, there is ad-hoc querying with arbi-
trary slicing and dicing, albeit mostly by a
small number of users. In both cases, the
amount of data processed can be huge:
typical retail scenarios involve from sev-
eral hundred million and up to a few bil-

3. The names dashboard and cockpit hint at the
role that those devices play in complex techni-
cal environments like planes where the pilot
routinely checks whether all technical process-
s run as expected.
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Fig. 1: Analytical view



lion fact records originating in point-of-
sales (POS) data.

Finally, there is the issue of latency,
i.e. the delay between the moment an up-
date on the (transactional) data takes
place and the moment that update is visi-
ble via the analytical tool. The latency is
typically used to build up secondary and
redundant data structures that heavily im-
prove the analysis performance. Exam-
ples are indexes, materialized views, au-
tomatic summary tables, de-normalized
tables and the like. The rule of thumb is
that the more latency one can afford the
better the query response time perform-
ance can get. Therefore, the question of
latency is highly dependent on the appli-
cation: the analysis of slow selling items
in a supermarket does not require last
minute information but can be based on
data that might reflect only last week's sit-
uation. In contrast, a call centre operator
cannot afford to miss the data provided by
a customer earlier on the same day. An
extreme situation arises with planning
tools that use historical data (the so called
»actuals«) to plan the near future business
key figures. Such a process is highly in-
teractive and requires newly created plan
data to be shown immediately via an ana-
lytical tool, i.e. in real-time. To address
this wide range of affordable latencies,
the more general and somewhat saga-
cious term of right-time analytics has re-
cently come up to subsume real-time,
near-real-time or almost-real-time. In
summary, it is fair to say that latency
times between minutes and weeks are the
prototypical case.

2.2 Search & Retrieval

A typical example of an Internet search is
to look for pages with words »near«, »re-
altime« and »analytics« via Google. The
result is potentially huge and does not
have to be calculated entirely; the search
engine therefore gives an estimate — such
as »results 1-10 of about 82000«. Due to
the result size, the ranking is very impor-
tant, i.e. the most relevant pages should
be displayed first. Modern ranking func-
tions are based on a variety of implicit
constraints, like position of the search
terms within the page, proximity to each
other, number of inbound links (»recom-
mendations«) of the page and many more.

Once, the initial result shows up, a
user is either satisfied with it or alterna-
tively modifies the query by adding, re-
moving or replacing search terms. This
stands in contrast to the multi-dimension-
al case discussed in section 2.1: there is
only one single dimension, namely text,
and the only option is to modify the filter.
Due to the fuzzy nature of searching, the
process is highly interactive and response
times in the range of seconds are manda-
tory. As the result cannot be exact any-
way, it is even possible to compromise on
the result, i.e. to abandon query process-
ing after having passed a certain thresh-
old of processing time and to display
what has been found so far.

Data volumes are enormous and in
the range of billions of pages for Internet
search engines. Indexing technology is
used to handle these volumes and to pro-
vide an acceptable query performance.

(mostly numbers)

| Analytics \ Search & Retrieval
differences
nature of result exact fuzzy
(missing data is fatal) (missing or superfluous data can be
acceptable)
nature of data structured unstructured

(mostly text documents)

dimensionality multi-dimensional

one dimension
(= unstructured)

filters boolean expressions

regular expressions,
patterns

implicit constraints none textual constraints
(language, position, proximity, ...)
similarities
reporting environment | read-mostly read-only

latency with respect to | minutes — weeks

days — weeks

data updates

relationship: mostly disconnected disconnected

data updates - read

mass data yes yes

expensive operations sorts (= grouping, aggregation), | sorts (= ranking function),
joins filters

Fig. 2: Analytics vs. Search & Retrieval

The indexes do not reflect the current
state of the data but there is always some
latency involved. The latter is — like the
data itself — also kind of fuzzy: intuitively,
the user expects frequently changing sites
(like news, financial information or mar-
ket places) to be polled more frequently
than more static pages (like museum cat-
alogues, article archives etc.) and this is
what probably happens — »probably« ac-
tually translates into »undefined« or may-
be the range of days to weeks.

2.3 Similarities and Differences

Figure 2 above generalises and compares
the scenarios described in the previous
two sections. While the differences main-
ly originate in the nature of the data
(structured vs. unstructured data) there is
a wide range of similar requirements
around the issue of performance: mass
data has to be processed, thereby allow-
ing acceptable query response times. La-
tencies between data updates and visibil-
ity are common in both scenarios and are
used to create secondary data structures
like indexes or pre-calculated summaries.

3 BIA Engine

3.1 Overview

In this section, we briefly describe how
the worlds of analytics and search & re-
trieval have been brought together to
form SAP's BI Accelerator (BIA).
Figure 3 gives an architectural over-
view of BIA. On the left side, there is the
traditional BI platform providing all
kinds of capabilities to extract, transform,
load data into a variety of persistency
containers, like data store objects and
InfoCubes!, for flat and multi-dimension-
al reporting respectively. BIA focuses on
the multi-dimensional case. An SAP BI
InfoCube is physically represented by a
star schema on a relational database. The
traditional approach is to improve query
performance by pre-computing and mate-
rializing aggregations; the latter being
stored also in relational database tables

1. This is the SAP term for a data container and
model for multi-dimensional scenarios. In
many ways, it corresponds to what is com-
monly known as a cube. However, as the BIA
capability is tailored to and takes advantages
of the many properties of the InfoCube it is ap-
propriate to use the SAP terminology.
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Fig. 3: BIA Architecture

organized as a star schema. They are re-
ferred to as aggregates. Alternative, but
very similar, approaches could be to use
features provided by RDBMS platforms
like materialized views, automatic sum-
mary tables, indexed views etc. which are
similar albeit more generic (and therefore
sometimes semi-optimal) features. The
challenge is to synchronize aggregates
with changes within an InfoCube and its
associated master data, i.e. rolling up new
data and realigning aggregates along
structural changes within dimensional hi-
erarchies. Furthermore, administrators
are permanently forced to trade off the
query performance (which is better in the
presence of many aggregates) and the
time consumed for aggregate roll-ups and
realignments during the daily or weekly
data load window (i.e. less aggregates
translate into smaller load windows). BIA
presents an alternative to this. The BIA
engine runs on a separate server compris-
ing a set of blade servers (see right hand
side of figure 3). Data residing in the ta-
bles that form the star schema of an In-
foCube can be moved to indexes in the
BIA engine (step 1 in figure 3). Similar to
aggregate roll-ups, those indexes are up-
dated every now and then with data that
has been recently loaded into an In-
foCube. In fact, the same infrastructure is
leveraged to handle this process. During
the upload into the BIA, data gets heavily
compressed — experiments on productive
scenarios have shown compression rates
between 7 and 12. Furthermore, data is
vertically partitioned (step 2 in figure 3).
Both techniques are prerequisites to allow
efficient main memory processing of the

Parallel indexing of
InfoCube data via
standard Bl processes
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indexed data. While steps 1 and 2 are ex-
ecuted in the context of a data load proc-
ess, query execution is covered by steps 3,
4 and 5. Once an analytical query is is-
sued from a front-end tool it reaches the
analytic engine, more specifically a cal-
culation layer that handles formulas, se-
curity, exceptions, alerts, hierarchies and
hierarchy-related logic and the like. The
calculation layer requests aggregated data
from an aggregation layer and this is
where BIA provides an alternative: rather
than issuing SQL statements to a relation-
al database, equivalent queries are pushed
to the BIA server. The latter processes
those queries in parallel and in memory
(step 3 in figure 3). One major extension
to the original search engine has been to
incorporate the capability of aggregating
data in memory (step 4 in figure 3). Par-
allel processes send their local results
back which are then merged and handed
back to the analytic engine (step 5 in fig-
ure 3) from whereon standard processing
continues.

3.2 Query Example

Let us consider a simple example, namely
the query behind figure 1. In SQL terms,
SAP BI's analytic engine would translate
this into something like

SELECT country, month,
SUM (sold _items)

FROM <some joined tables>

WHERE country IN ('DE','FR',
'"UK','IT','US', 'ES")

AND month IN (09.2002,
09.2003,09.2004)

GROUP BY country, month

Figure 4 shows the situation graphically:
there is a fact table that contributes the
key figure value SUM(sold_items) and
there is a bunch of dimension tables
(DTime> DRegion and Dpy,g) that have for-
eign key — key relationships with master
data tables (product, product group, city,
region, ...). There are two filter, one on
country and one on month and the latter
are also the items to be used for the group-
ing. The BIA uses a similar setup as de-
picted, tables translate into indexes but a
star scheme approach is still employed.

Query processing within the BIA fol-
lows a few simple paradigms:

1. outside in, i.e. start with the master
data tables and process the fact table
at the end;

2.only process columns are relevant to
the query;

3. start with the branches on which fil-
ters are defined;

4.parallelize as much as possible.

It is fair to consider this as star join tech-
nique. However, there a few details that
distinguish the BIA from standard rela-
tional processing. Let us consider figure
4: processing would start with the value
columns of indexes month and country

DE, FR, UK, IT, US, CA
!

002002, day .\
09,2003,
09.2004
I fact
el -

year .

Fig. 4: Schema for Query Example
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and apply the respective filter (paradigms
2 and 3). This results in sets of keys that
can be applied to the respective dimen-
sion index. If additional data was re-
quired, e.g. the cities, then index city
could have been joined to index Dp,gj0y,
in parallel to the above (paradigm 4),
even at the expense that the selectivity
imposed by the filter on countries would
not have been available at that time (as
that processing happens simultaneously).
Reducing sizes of intermediate results is
less beneficial than the advantages gained
from additional parallelism.

There is a synchronization of the par-
allel processes before the fact table index
is processed, i.e. once all filters applica-
ble to the fact table index are available
processing continues again by paralleliz-
ing over the (horizontal) partitions of that
index. Typically, fact tables have a con-
siderable number of key figure columns.
Here, only those that are used within the
query are processed — column sold_items
in our example — which significantly re-
duces the memory consumption. Process-
ing the fact table index not only means
applying the filters but also aggregating
the key figure values — in terms of SQL:
performing the GROUP BY.

Finally, the query result is assembled
in an internal representation by a master
process, translated into an external format
and then sent to SAP BI's calculation lay-
er. The latter would convert the line-ori-
ented result into a cell-oriented one,
check for exceptional values (highlighted
cells in figure 1), calculate totals accord-
ing to the user's request (sums, averages,
...) and elaborate the visual grid repre-
sentation.

4 Conclusions

There is a number of interesting observa-
tions that have been made during the de-
velopment and the first trial experiments
of the BIA. Firstly, a huge share of the
search engine infrastructure and technol-
ogy could be reused. Secondly, memory
bandwidth is the bottleneck in most situ-
ations. Thirdly, query processing is most-
ly based on very simple processing tech-
niques and plans (e.g. in-memory scans
of data). While this looks like the worst
case you can do it is still ways faster than
the traditional alternatives, including
MOLAP, in most situations due to large-
scale parallelism and sophisticated usage

of multi-level caches in modern micro-
processors. Furthermore, it gives very
stable, controllable and predictable query
performance because it cannot get worse
than the worst case. While traditional
benchmarking focuses on speed, many
customers also look for stability and
some even rank stability over speed. This
is accompanied by a fourth observation,
namely that the BIA engine speeds up al-
most linearly with the hardware. Simple
processing algorithms, parallel and main
memory processing are the main assets
and allow more hardware resources to
easily translate into better performance.
This gives a customer the confidence that
they can »buy themselves out of perform-
ance bottlenecks« by adding inexpensive
hardware (blade racks). Even improve-
ments in the hardware sector and the gen-
eral trust in Moore's law contribute in this
context. Finally, there is no need for rea-
lignment processes as all aggregations
are computed at query execution time and
do not rely on pre-calculated and materi-
alized aggregates.

5 Summary

In this paper, we have discussed the sim-
ilarities between the areas of analytics
and search & retrieval. There is number of
differences, mainly based on the different
nature of the underlying data, but also a
number of similarities with respect to
mass data handling and the resulting per-
formance requirements. Based on this no-
tion, technology and infrastructure from a
traditional search engine has been applied
and extended to address the specific re-
quirements of analytics. SAP's BIA capa-
bility is an instance of that approach. It
has been described in some detail, there-
by outlining the difference it makes in
comparison to traditional approaches that
have been used in the BI arena during the
last decade. In that respect, it is interest-
ing to see how innovation can be created
not only by completely new ideas but by
transferring, combining and extending
well-known technologies to address the
requirements of a new domain.
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