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Abstract

Data warehouses collect large quantities of data from distributed
sources into a single repository. A typical load to create or
maintain a warehouse processes GBs of data, takes hours or even
days to execute, and involves many complex and user-defined SgJErce
transformations of the data (e.g., find duplicates, resolve data
inconsistencies, and add unique keys). If the load fails, a possible
approach is to “redo” the entire load. A better approach is rades
. . . Source Extractoy)
to resume the incomplete load from where it was interrupted.
Unfortunately, traditional algorithms for resuming the load either date | company volumg
; ; ; Novo8| AAA | 30000
impose unaggeptable overhead_ during normal operation, or rely Ngx% S — =000 | | date |company volumé
on the specifics of transformations. We develop a resumption [Dec98| AAA[10000 ggg QQQ égg%
algorithm calledDR that imposes no overhead and relies only on B:Sg FNBTBC 8%88 Dec98| INTC | 98000
the high-level properties of the transformations. We show Bt Dec98| HHH_ [20000 {Dec98l HHH | 20000
A S . Dec98| MSN__[45600| | Dec98| MSN | 45600
can lead to a ten-fold reduction in resumption time by performing  [Decos| AAA [15000| [Decos8| AAA | 15000

experiments using commercial software.

1 Introduction
Data warehouses collect large quantities of data from dis-

tributed sources into a single repository. A typical load to . .
create or maintain a warehouse processes 1 to 100 GB ané:urrgr)t commercial systems abort the failed load, and the
administrator must restart the load from scratch and hope a

takes hours to execute. For example, Walmart's maintenance . ] '
load averages 16 GB per day [3]. Typical maintenance IoadsSecond failure dqes not oceur. It there_ls not enough time
of Sagent customers process 6 GB per week and initial IoadsfOr the new load, it may be skipped, !eavmg the datlabase out
process up to 100 GB. of date or mcomplete, and generating an even bigger load
Warehouse loads are usually performed when the systemfor the next _penod. Load failures are not _unllkely due to
is off-line (e.g., overnight), and must be completed within the complexity of the warehouse load. F_or mstance,_ Sagent
a fixed period. A failure during the load creates havoc: CUStomersreport that one out of every thirty loads fails [10].
Traditional recovery techniques described below could
This research was funded by Rome Laboratories under Air Force Con be used to save partial load states, so that not all work is
| Wi u | u | - H H
tract F30602-94-C-0237, by thg Massive Digital Data Systems (MDDS) lost When. a fallur.e occurs. However, these te_chnlques are
Program sponsored by the Advanced Research and Development Commit-Shu_nned In practice be_cause they generate high overhegds
tee of the Community Management Staff, and by Sagent Technologies, Inc. during normal processing and because they may require

Figure 1: Load Workflow
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modification of the load processing. In this paper we
present a new, low-overhead technique fesumingfailed
loads. Our technique exploits high-level “properties” of the

workflow used to load the warehouse, so that work is not

repeated during a resumed load.

To illustrate the type of processing performed during a
load, consider the simple load workflow of Figure 1. In this
load workflow,extractorsobtain data from the stock Trades
and the price-to-earnings ratio (PE) sources. Figure 1 shows
a sample prefix of the tuples extracted from each source. The

Trades data is first processed by BDec98Trades transform



to take periodic savepoints [5] of the workflow state, or save

3 tuples in transit in persistent queues [1,2]. When a failure

£ 5 : occurs, themodifiedtransforms cooperate to revert to the

3 = latest savepoint, and proceed from there.

s aging In general, techniques that modify the load workflow suf-

k= . [ fer from two disadvantages: (1) the normal-operation over-

23 ! head is potentially high, as confirmed by our experiments;

% g ﬁ and (2) the specific details of the load processing need to be

3 1 known. _ -

> ! TheDRtechnique we propose in this paper has no normal-
| ‘ - operation overhead, and does not modify the load workflow.
ow ig

Yet, its recovery cost can be much lower than Informatica’s
technique or redoing the entire load. Unlike thé&R avoids
reprocessing input tuples and uses filters to intercept tuples
much earlier than Informatica’s techniqueDR relies on
simple and high-level transform properties (e.g., are tuples
processed in order?). These properties can either be declared
which only outputs trades done in December 1998. Thus, by the transform writer or can usually be inferred from
the first two trades are removed since they happened inthe basic semantics of the transform, without needing to
November 1998. Then,ﬂ‘m/eragevmumgansform groups know exactly how it is coded. After a failure, the load
the trades by company and finds the average trade volumds restarted, except that portions that are no longer needed
of the Companies whogser is less than or equa| to 4. For are “skipped.” To illustrate, suppose that after a failure we
instance, companieBBB and HH H are discarded since  discover that tuplestAA throughM SN are found in the
they have higtpe’s. The output ofAverageVolumés then warehouse (Figure 1. If we know that tuples are processed
sent to thénserter, which stores the tuples in the warehouse. in alphabetical order by thTE Extractorand by the

In practice, load workflows can be much more complex AverageVoI.umer.ansform, thePTE Extractorcan retrieve
than what we have illustrated, often having tens to hundredsUPles starting with the one that followld SIV. If tuples are
of transforms [10]. Transforms include not only conven- not processed in order, it may still be possible to generate a
tional database operations (e.g., join) but also arbitrary pro-liSt of company names that are no longer needed, and that
cessing (e.g., data scrubbing, byte reordering) coded by ap-c@n be skipped. During the reload, transforms operate as
plication specialists. To maximize pipelining and load speed, usual, except that they only receive the input tuples needed
the output tuples of each component are sent to the next ad® 9enerate what is missing in the warehouse. In summary,
soon as they are generated. With all this complexity, load OUr strategy is to exploit some .hlgh-level semantics of_the
failures occur. load workflow, and to be selective when resuming a failed

There are many ways to recover a failed warehouse load. . . .
load. The fundamental features of various techniques are We note that the_fe are previous techqu_Jes that are similar
informally contrasted with our technique, call@R, in to DRn that they incur low normal-operation overhead but
Figure 2. The vertical axis represents timr,nal—operr;ttion still have a low recovery cost. However, these techniques are
overheadof a technique, while the horizontal axis indicates 2PPlicable to very specific workflows for disk-based sorting
therecovery cosbf a technique. In the lower right quadrant [8], object database loading [11], and loading a flat file
of Figure 2 are two techniques that have very low normal- into the warehouse [9,12]. Our technique can handle more
operation overhead. One is to simply redo the entire load 98n€ral workflows.
over again. Clearly, this technique can suffer from high e do not claim thaDR always recovers a load faster
recovery cost. Informatica’s solution [6] is similar: After than other techniques. For instance, techniques that modify
a failure, Informatica reprocesses all the data, but filters out the normal load workflow may have slower normal opera-
already stored tuples when they reach the warehouse for thdion l0ads but faster resumed loads. However, our experi-
second time (i.e., just before the inserter). ments show thabR is competitive if not.better t.han these

Other techniques, shown in the upper left quadrant of Fig- techniques for many workflows. In particul@R is better

ure 2, attempt to minimize the recovery cost by aggressively I,Srr\a’f?”;\]:lgws tr;]attrna\lje heha\{[yruTe iOf ﬁ:}pe“m?g'XEvﬁnm'fri
modifying the load workflow or load processing. Staging rg)wtoh t oisbr(i)d ? eri?hrr?tﬂa: P Fr):birgﬁzounde E’e in ents
divides the workflow into consecutive stages, and saves in->"0 ata ny algo atco and staging

Recovery Cost

Figure 2: Applicability of Algorithms

termediate results between stages. All input data enters th
first stage. All of the first stage’s output is saved. The saved
output is input to the second stage, and so on. The secon

e(or batching) can lower recovery cost.

We make the following contributions toward the efficient

dresumption of failed warehouse loads.

stage can then be restarted after a failure from the saved in- ¢ We develop a framework for describing successful ware-

put, without redoing the first stage.
Input batching divides the input to the load workflow

into sequentially processed batches. Other techniques are
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house loads, and load failures. Within this framework,
we identify basic properties that are useful in resuming
loads.



¢ We developDR, which minimizes recovery cost while .\”Ldet out
imposing no overhead during normal operatiBiR does stice to-one Wav

not require knowing the specifics of a transform, but Xwe xtga?ge
only its basic, high-level propertiesDR is presented OTrro de‘ out rr‘apto—one WS&S;
here in the context of warehousing, but is really a 2% . >-0-C 0n5 set-to-seq

generic solution for resuming any long-duration, process

intensive, task. Figure 3: Component Tree with Properties

e We show experimentally th&R can significantly reduce
recovery cost, as compared to traditional techniques.
In our experiments we use Sagent's warehouse loadgyample 2.1 In Figure 3, the extractors are denotBd'E
package to load TPC-D tables and materialized Views ¢y, the price-to-earnings (PE) source, afid&zD for the
containing answers to TPC-D queries. Trades source. The transforms are denddgdl(for Dec98-
Trades), and AV (for AverageVolume). The inserter is
denotedi. The input parameters of each component are
denoted by the component that produces the input. For
instance AVpr is an input parameter ofVV that is produced

Outline: We describe a warehouse load in Section 2, and
discuss warehouse load failure in Section 3. We develop the
DRalgorithmin Sections 4 and 5. Experiments are presented
in Section 6.

by DT. O
2 Normal Operation In our notation, Yy denotes the input parameter of
When data is loaded into the warehouse, tuples are transComponentY” produced by component, andYo is the
ferred from onecomponent(extractor, transform or in- output parameter of’. We use Attrs{x) to denote

serte)) to another. The order of the tuples is important to the attributes of the’x tuples. Similarly, KeyAttrs{x)
the resumption algorithm, so we define sequences as orderegpecifies their key attributes.lV denotes the warehouse
lists of tuples with the same attributes. Inserter.

o ) We note that the component trees designed for warehouse
Definition 2.1 (Sequencg A sequence of tupled” is an  creation and maintenance are different [7]. However, our
ordered list of tuplest;..t,], and all the tuples i7" have  resumption algorithm applies equally well to both creation
the attributesa; ..an,). O and maintenance componenttrees. We therefore use the term

We next discuss how a component tree represents a load 02d” to mean either one.

workflow. In [7], we show how ouDR algorithm can be

extended to handle a component directed acyclic graph. 2.2 Successful Warehouse Load
. When a component tree is used to load data, the extractors
2.1 Component Tree Design produce sequences that are inputs to the transforms. That is,

Figure 3 illustrates the same component tree as Figure 1,each input parameter is “instantiated” with a tuple sequence.
with abbreviations for the component names. Constructing a Each transform then produces an output sequence that is sent
component tree involves several important design decisions.to subsequent components. Finally, the inserter receives a
First, the data obtained by the extractors is specified. Secondiuple sequence and inserts the tuples in committed batches.
the transforms that process the extracted data are chosenlo maximize pipelined parallelism, each output sequence is
Moreover, if a desired transformation is not available, a user received as the next component’s input as it is generated.
may construct a new custom-made transform. Finally, the More specifically, at each point in time, a compongntas
warehouse tables into which the inserter loads the data areProduced a prefix of its entire output sequence and shipped
specified. The extractors, transforms, and inserter comprisethe prefix tuples to the next component. The next example
thenodesof the component tree. illustrates a warehouse load during normal operation, i.e., no

Each transform and inserter expects certiajiut parame-  failures occur.
ter sequences at load time. Similarly, each transform and ex-
tractor generates an output sequence toutput parameter Example 2.2 Consider Figure 3. The extractors fill their
The input and output parameters are specified by connect-output parameter®T Eo andTRDo with the sequences
ing the extractors, transforms, and the inserter together withP7€, and 7RDo. (The calligraphy font denotes se-
edgesn the component tree. In the design, the “properties” quences.) Input parametdl/pr g is instantiated with the
that hold for each node or edge are declared for use by oursequencedV prr = P7TEo. Note thatPT E does not need
resumption algorithm, as detailed in Section 4. Commercial to produceP7 £ in its entirety before it can ship a prefix
load packages already declare basic properties like the keyof PTEp to AV. Similarly, DTrrp is instantiated with
attributes of an input parameter. DT rrp = TRDo, and so on. Finallyi¥ 4y of the inserter

In some cases, different components of a tree may beis instantiated witiV,y = AVo. W inserts the tuples in
assigned to different machines. Hence, during a load, dataW4y in order and issues a commit periodically. In the ab-
transfers between components may represent data transfersence of failureg;V 4 is eventually stored in the warehouse.
over the network. We now illustrate a component tree. O
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To summarize our notationyx and Yo denote the se-
quences used for input paramelé¢ and output parame-  When the warehouse load fails, only a prefiof W is in

ter Yo during a warehouse load. Whénproduces)o by the warehouse. The goal of a resumption algorithm is to load
processing/x (and possibly other input sequences), we say the remaining tuples afV in any order (since the warehouse
Y(..Vx...) = Yo. W denotes the sequence that is loaded js an RDBMS). The simplest resumption algorithm, called
into the warehouse in the absence of failures. Redq simply repeats the load. Firétis deleted, and then

for each extractor in the component tree, the re-extraction

. procedure GetAll() is invoked.

3  Warehouse Load Failure Although Redois very simple, it still requires that if the

In this paper, we only consider system-level load failures, Same set of tl_JpIes are_obtained by the extractors, the same set
e.g., RDBMS or software crashes, hardware crashes, lack ofof tuples are inserted into the warehouse. Since this property

disk space. We do not consider load failures due to invalid Pertains to an entire workflow, it can be hard to test. A
data. Furthermore, we consider system-level failures thatSingular propertythat pertains to a single transform is much

do not affect information stored in stable storage. Any of easier to test. The following singular property, set-to-set, is

3.2 Redoing the Warehouse Load

the components can suffer from such a system-level failure.
Even though various components may fail, the effect of any
failure on the warehouse is the same. That is, only a prefix
of the normal operation input sequendgis loaded into the
warehouse.

Observation In the event of a failure, only a prefix O is
stored in the warehouse. O

In [7], we discuss in detail why the observation holds
when an extractor, a transform, an inserter or the network
fails.

3.1

When a component” fails, the warehouse load eventually
halts due to lack of input. OncE recovers, the load can
be resumed. The only data available for resumption is the
portion of W in the warehouse, plus the source data. An
extractorE’ may offer some of the following procedures to
re-extract data. We us®, to denote the sequence that would
have been extracted by had there been no failures. More
details are in Section 5.3.

Data for Resumption

GetAll() extracts the same set of tuples as arégn The
order of the tuples may be different. (Many sources, such
as commercial RDBMS, do not guarantee order.) We
assume that all extractors provide GetAll(), that is, that the
original data is still available. I, cannot be reproduced,
then&p must be logged.

GetAlllnorder() extracts the same sequen€g. This
procedure may be supported, e.g., by a commercial
RDBMS extractor that uses an SQL ORDER BY clause.

GetSubset(..) provides thefy tuples that are not in the

sufficient to enabl®edo That is, if all extractors use GetAll
or GetAlllnorder, and all transforms are set-to-set, tRedo
can be used. Definition 3.1 tests this condition.

Property 3.1 (set-to-sett)) If given the same set of input
tuples,Y produces the same set of output tuples, then set-to-
set(") = true. Otherwise, set-to-séff = false. O

Definition 3.1 (Same-sety’)) If Y is an extractor and”
uses GetAllinorder or GetAll during resumption then Same-
set(y’) = true. Otherwise, i#Yx: Same-set) and set-to-
sett") then Same-seX() = true. Otherwise, Same-sit| =
false. O

4  Properties for Resumption

In this section, we identify singular properties of transforms
or input parameters th&@R combines into “transitive prop-
erties” to avoid reprocessing some of the input tuples.

To illustrate, consider the simple component tree in
Figure 4. Suppose that the sequent® to be inserted
into the warehouse i1 y2ys], and[x1zexsx4] is the Yx
input sequence that yield$y- (Figure 5). An edge; — y;
indicates that; “contributes” in the computation af;. (We
define contributes formally in Definition 4.1.) Also suppose
that after a failure, only, is in the warehouse. Clearly, it is
safe to filter)Yx tuples that contribute only tdVy tuples,
such asy;, already in the warehouse. Thus in Figure 5,
x1 andz, can be filtered. We need to be careful with
contributors that also contribute to othiyy tuples. For
example, ifz, contributes tay, as well, then we cannot filter
x2, since it is still needed to generaje

In general, we need to answer the following questions to
avoid reprocessing input tuples:

Question (1) For a given warehouse tuple, which tuples

subset indicated by GetSubset's parameters. Sources that in )y contribute to it?

can selectively filter tuples typically provide GetSubset.

GetSuffix(...) provides a suffix offy that excludes the
prefix indicated by GetSuffix's parameters. Sources that
can filter and order tuples typically provide GetSuffix.

Question (2) When is it safe to filter those tuples from
Vx?
The challenge is that we must answer these questions using
limited information. In particular, we can only use the tuples
stored in the warehouse before the failure, and the singular

In this paper, we assume that the re-extraction proceduresproperties, attributes and key attributes declared when the

only produce tuples that were in the original sequefice
However, our algorithms also work when additional tuples
appear only in the suffix ofo that was not processed before
the failure.
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component tree was designed.

In Section 4.1, we identify four singular properties to an-
swer Question (2). We then define thiteansitive proper-
tiesthat apply to sub-trees of the component tr&d will



[abc] cd] _ [bede]
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Figure 4: Component tree Figure 5: Map-to-one Figure 6: Suffix-safe

N N

2 X3 X4 YX X

We: Y1 Y2 Y3 %: Y1 Y2 VY3
Yy : 2 X3 X4 Xg

derive the transitive properties based on the declared singu-Vx: (Y (..Yx...) = Yo) = (—3y;,yx € Yo such that
lar properties. In Section 4.2, we define two more singular Contributes¢;,y;) and Contributes(;,y,) andj # k). O
properties. Using these properties, we defdentifying at-
tributes of the tuples to answer Question (1PR will de-

rive the identifying attributes based on the declared singular
properties and key attributes. We also show that the singular
properties hold for many commercial transforms, such those
in Sagent’'s DataMart 3.0 for warehouse creation and main-
tenance, in Section 6. Since singular properties pertain to a
transform or an input parameter and not to a whole work-
flow, they are easy to grasp and can often be deduced easil
from the transform manuals. Henceforth, we refer to singu-
lar properties as “properties” for conciseness.

Before proceeding, we formalize the notion of contribut-
ing input tuples. An input tuple:; in an input sequence
Yx of transformY” contributesto a tupley; in a result-  pefinition 4.2 (Subset-feasible(’x)) Given transformY
ing output sequencgo if y; is only produced whem; is with input parametel’y, Subset-feasiblé{y) = true if ¥’
in Yx. The definition of “contributes” uses the function s the warehouse inserter. Otherwise, Subset-feasiblet
IsSubsequencs( T), which returns true ifS is a subse-  {rye if Yy is map-to-one and Subset-feasitiig). Other-
quence off’, and false otherwise. wise, Subset-feasiblEf) = false. O

Definition 4.1 (Contributes, Contributors) Given trans-
formY,letY(..Vx...) = Yo andY (...V%...) = V. Also
let Vx = [.1?1..1,‘7;_1])7;.131‘4,_1..1‘"] andyg( = [J)l..l‘qj_l.i?i_;,_l-
..xy]. Contributesg;,y;) = true, ify; € Yo andy; ¢ V.
Otherwise, Contributes(,y;) = false. Contributorsfx,
y;) = T, where IsSubsequen&(Yx) and §z; € T :
Contributesg;, y;)) and §x; € Yx : Contributesg;,y;) =
x; € T) O

If Yx is map-to-one, and some tuples ¥y are not
needed, then their contributing tuplesJix can be safely
filtered at resumption time. For example, in Figure 5, if
tuplesy; and y, are not needed i, then the subset
{1, x2, 24} Of Yx can be filtered.

Subset-feasiblé{x) is a transitive property that states that
it is feasible to filter some subset of thé input tuples.
>Subset—feasibléf(x) holds when all of the input parameters
in the path fromYx to the warehouse are map-to-one. In
this case, we can safely filter th& tuples that contribute to
some warehouse tuple because thégduples contribute to
no other warehouse tuples.

While the map-to-one and subset-feasible properties allow
a subsetof the input sequence to be filtered, theffix-safe
property allows grefixof the input sequence to be filtered.
The suffix-safe property holds when any prefix of the output
can be produced by some prefix of the input sequence.
Moreover, any suffix of the output can be produced from
some suffix of the input sequence. For instance, the input
parameters of transforms that perform selection, projection,

We extend Definition 4.1 in a transitive fashion in [7] to union, and aggregation over sorted input are suffix-safe.
define when a tuple contributes to a warehouse tuple. For
instance, ifz; contributes tay;, which in turn contributes to
a warehouse tupley, thenz; contributes tavy.

Some tuples may not contribute to any output tuple. For : _ :
instance, if a transform computes the sum of its input tuples 'S Suffix-saféf Yx, Yo, ¥y, yj+1 € Yor (Y (. Yx..)
then an input tuplé = ( 0 ) does not contribute to the sum. Yo) = (Last(Contributorslx, y;)) <y, First(Contribu-
Such tuples are calledconsequential input tupleand are ~ ©OrSVx, ¥j+1)))- .

candidates for filtering. Figure 6 illustrates conceptually how suffix-safe can
41  Safe Filtering be used. If only[ys] of Yo in Figure 6 needs to be

) ) produced, processing the suffix;] of Yx will produce
During resumption, a transforii may not need to produce

h : [ys]. Conversely, if[y1y2] does not need to be produced,
all of its normal operation outpdty. ThereforeY may not the prefix|z1z2324] can be filtered fronty at resumption

need to reprocess some of its input tuples. In this section, Wejme  Notice that when the suffix-safe property is used,
identify properties that ensure safe filtering of input tuples. inconsequential input tuples like, can be filtered. Filtering

. The map-to-oneproperty holds forYy whenever every g ch ples is not possible using the map-to-one property.
input tuplez; contributes to at most onky output tuple 78, of Sagent's transforms’ input parameters are suffix-
y; (as in Figure 5). For instance, the input parameters gafa

of selection, projection, union, aggregation and some join  pyefix feasiblefy) is a transitive property that states that
transforms are map-to-one. Nearly all of Sagent's input it js feasible to filter some prefix of thex input sequence.
parameters are map-to-one. This property is true if all of the input parameters frafiq
Property 4.1 (map-to-one(’y)) Given transformy” with to the warehouse are suffix-safe. (The reasoning is similar to
input paramete¥’y, Y is map-to-onef VYx,V)o,Vr; € that for Subset-feasibl&f) and map-to-one.)

Property 4.2 (suffix-safe((’x)) Given 7 = [t1..1,], let
First(Z) = ¢1, Last(l) = ¢, andt; <7 t; if ¢; is beforel; in
7T ori = j. Given transfornY” with input parameteY’y, Yx
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Definition 4.3 (Prefix-feasible(’y)) Given transformt” changes an attribute value, e.g., reorders its bytes, we assume

with input parametel’’y, Prefix-feasibleXy) = true if Y that it also changes the attribute name.)

is the warehouse inserter. Otherwise, Prefix-feasibl¢E= We now define properties that, when satisfied, guarantee
true if Yy is suffix-safe and Prefix-feasiblg(). Otherwise, that we can identify exactly thgZx contributors tow;, by
Prefix-feasible{’x) = false. O matching certaidentifying attributesdenoted IdAttrs{x ).

o . . . _ In practice, some inconsequentjat input tuples may also
Filtering a prefix of thé&’x input sequence is possible only matchwy, on IdAttrs(Yy). However, these tuples can be
it did duri | . For | i Fi 6 %afely filtered since they do not contribute to the output. If
It did during normal operation. For instance, in Figure 6, e contributors cannot be identified, [dAtS() is set to] |.
even if Pref|x—f(_aa5|bl_é(x) hOIdS’ we cannot filter out any We define theno-hidden-contributoproperty to hold for
prefix of theY'x input if the input sequence (85 z4a32:] Yy if all of the Vx tuples that contribute to some output
during resumption. We now define some properties that tuple y; matchy; on Attrs(Yx) N Attrs(Yo). Selection,
guarantee that an input parametéy receives the same projection, aggregation, and union transforms have input

sequence at resumption time. . : . ;
o . parameters with no hidden contributors, as do all of Sagent’s
We say that a transforivi is in-det-outif Y produces the input parameters.

same output sequeng@&, whenever it processes the same
input sequences. All of Sagent’s transformsiardet-out Property 4.5 (no-hidden-contributor(Yx)) Given trans-
form Y with input paramete¥x, if VVx, VYo, Vy; € Vo,
i € Contributorsy'x, y;), Va € (Attrs(Yx) N Attrs(Yo)):
(.Vx..) = Yo) = (zi.a = yj;.a) then no-hidden-
contributorgYx) = true. O

Property 4.3 (in-det-out(Y)) TransformY is in-det-outif
Y produces the same output sequence whenever it processe%f
the same input sequences. O

The in-det-out property guarantees that if a transfafm . . . )
and all of the transforms precedifgare in-det-out, and the _ |f Yx has no hidden contributors, we can identify a set of
data extractors produce the same sequences at resumptioffPut tuples that contains all of the contributors to an output
time, theny” will produce the same sequence, too. Hence, [UPl€y;. This setis called theotential contributorsof y;.
Zy receives the same sequence. Shortly, we will use keys _and other properties to verify that
The requirement that all of the preceding transforms are the set of potential contributors gf; contains only tuples
in-det-out can be relaxed if some of the input parameters areth@t do contribute tg;. We now illustrate how the potential

set-to-seq That is, if the order of the tuples iriy does not ~ contributors are found.

affect the order of the output tuples ¥, thenY s set-to- Example 4.1 In the tree in Figure 4, the labels above the

seq. For example, the same output sequence is produced b¥:dges give the attributes of the input tuples, e.g., Atte3(

a sorting transform as long it processes the same set of input_ led]. If Yy has no hidden contributors, then all of thig
tuples. y ’

contributors to warehouse tuple,, denotedS,, matchwy
Property 4.4 (set-to-seq¥’x)) Given transformy” with in- on [cd] (i.e., Attrs(Vx) N Attrs(Yo)). If X has no hidden
put parametel’y, Yy is set-to-segf Y is in-det-out and contnputors, then th&’y, contributors tar; € Sk matchxl-.
VYx, Vi (Vx andYk have the same set of tuples and all on|c] .(|.e., AttrsQ(E) N Attrs(X)). Therefore, the potential
other input parameters af receive the same sequenee) contributors ofwy, in X are exactly the ones that mateh
Y(.Vx.) =Y (Vo). O on|c]. O

Same-sed(x) is a transitive property based on in-det-out ~ We call attributes that identify th'x potential contribu-
and set-to-seq that holds ¥y is guaranteed to receive the tors thecandidate identifying attribute&CandAttrs) ofYxy.
same sequence at resumption time. A weaker guarantee that -
sometimes allows for prefix filtering is thafy receives a  Definition 4.5 (CandAttrs(Yy)) There are three possibili-
suffix of the normal operation inpQix. We do not develop ties for CandAttrsYx): (1) If Y is the warr—;house msgrter,
this weaker guarantee here. CandAttrs’x) = Attrs(Yx). (2) If Yx has hidden contribu-

tors, CandAttrs{x) = [ ]. (3) Otherwise, CandAttr{y) =
Definition 4.4 (Same-seq{(’x)) If X is an extractor then  CandAttrs@y) N Attrs(Yx). O
Same-sed(x) = true if X uses the GetAlllnorder re-
extraction procedure. Otherwise, Same-38q(= true if X In summary, CandAttri(x) is the set of attributes that
is in-det-out and/ Xy : Same-seq{y) or (Xv is set-to-seq are present throughout the path fram to the warehouse,
and Same-sel()). Otherwise, Same-sexj¢) = false. O unless some input parameters has hidden contributors.

CandAttrsl’x) may identify both tuples that do and do

. . not contribute tow,. To isolate the actual contributors
4.2 ldentifying Contributors of wi, we need to use key attributes and thespurious-
To determine whichYx tuples contribute to a warehouse output property. The no-spurious-output property holds
tuple wy,, we are only provided with the value af;, after for transformY” if each output tupley; has at least one
the failure. Since transforms are black boxes, the only way contributor from each input paramet&fy. While this
to identify the contributors tav, is to match the attributes  property holds for many transforms, including all but one
that theYx tuples andu, have in common. (If a transform  of Sagent’s, union transforms do not satisfy it.
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Property 4.6 (no-spurious-output(Y)) A transformY” pro-
ducesno spurious outpuif Vv input parameter¥’y, V) x,
VYo, Vy; € Yo: Y(..Vx...) = Yo = Contributors}’x,
y;) # [ . O

We now illustrate how key attributes, candidate attributes,

and the no-spurious-output property combine to determine | Transform |

the identifying attributes (IdAttrs).

Example 4.2 In Figure 4, CandAttrsX g) = [¢] if Xg, Yx,
and Wy have no hidden contributors. There are three pos-
sibilities for IdAttrs(X g): (1) IdAttrs(X i) = KeyAttrs(X g)
if KeyAttrs(Xg) C CandAttrs(Xz) and bothX andY sat-
isfy the no-spurious-output property. (2) IdAttRSE) =
KeyAttrs(Wy) if KeyAttrs(Wy) C CandAttrs(Xg). (3)
IdAttrs(X g) = IdAttrs(Yy) if IdAttrs(Yx) € CandAttrs(X ).

To illustrate (1), suppose KeyAtti&(g) is [c]. If wg.c =
1, any X'z tuple that contributes tw; must have: = 1 since
CandAttrs(X ) = [¢]. Since neithetX norY has spurious
output tuples, there is at least oA tuple that contributes
to wy. cis the key forX g, so the oneXy tuple withc = 1
must be the contributor.

To illustrate (2), suppose KeyAttid(y) = [c]. If wy.c =
1, any Xg tuple that contributes ta;, must havec 1
since CandAttrskr) = [¢]. Sincec is the key of Wy, all
Xg tuples withe = 1 must contribute to eithew;, or to no
warehouse tuples.

To illustrate (3), suppose IdAttrBk) = [c]. Then given
a warehouse tuplev; with wi.c = 1, we can identify
the Yx contributors towy, denotedSy, by matching their
c attribute with1l. Since Xg has no hidden contributors
(because CandAttra(z) # [ ]), aXr tuple withe = 1 must
contribute to a tuple; € Sy, orto no tuple inYx. Hence, we
can identify exactly thet'z contributors tow; by matching
their ¢ attribute values.

In summary, the key attributes ofz, Yx (or any other
input parameter in the path frodiy to Wy), or Wy can
serve as IdAttrsK ). These key attributes must be a subset
of CandAttrs(X ) to ensure that matching can be performed
between the warehouse tuples andAhetuples. O

The example above provides the intuition for our definition
of IdAttrs.

Definition 4.6 (IdAttrs( Yx)) Let P be the the path from
Yx to the warehouse. There are three possibilities for
IdAttrs(Yx). (1) If (KeyAttrs(Yx) € CandAttrs’x) and
VYZy € P : Zy has no spurious output tuples), then
IdAttrs(Yx) = KeyAttrs(Yx). (2) LetZy € P but Zy #

Yx. IfIdAttrs(Zy) # [ ] and ldAttrs¢Zy) C CandAttrstx),
then IdAttrstx) = IdAttrs(Zy,). (3) Otherwise IdAttrs(y)
=[] O

Case (1) in Definition 4.6 uses the key attributesygf
as IdAttrs{’y). Case (2) checks if the IdAttrs of each input
parameter can be used as IdAtifg). In [7], we discuss
heuristics for choosing the input parameter ih whose
identifying attribute is used for IdAttr3{x).

4.3 The Trades Example Revisited

In Table 1, we provide SQL definitions for the transform
functions in our main example. These definitions are not
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available toDR, and in general, cannot be written in SQL.
Here, however, we use SQL to help illustrate the properties
satisfied by the input parameters and transforms. Both
transforms in Table 1 are in-det-out.

Function computed by transform |

DT select *

from DTrrp

where date > 12/1/98anddate < 12/31/98
AV select AVprg.company, AVprE.pe,

avg(AVpr.volume) as avgvol

from AVPTE7 AVpr

where AVprg.company = AVpr.company
and AVPTE.pe <4

group by AVprg.company, AVprg.pe

Table 1: Properties and functions of transforms.

The first four columns of Table 2 show the attributes,
keys, and properties declared for each input parameter. We
now explain why the properties hold)T reads each tuple
in DTrrp and only outputs the tuple if it has a date in
December 1998. Thereford)Trrp is suffix-safe, since
DT outputs tuples in the input tuple order. It is map-to-one
because each input tuple contributes to zero or one output
tuple. It is not set-to-seq, since a different order of input
tuples will produce a different order of output tuples.

Transform AV reads each tuple iMVprg and, if its
pe attribute is< 4, it finds all of the trade tuples for
the same company ilVpr, which are probably not in
order by company.AV then groups thedVpr tuples and
computes the average trade volume for each company. Then
it processes the next tuple iVprg. AVprg is map-to-
one since each tuple contributes to zero or one output tuple.
the same reason it is suffix-safdl” processes tuples from
AVprg in order. AVpr is map-to-one since each trade
tuple contributes to the average volume tuple of only one
company. HoweverdVpr is not suffix-safe, e.g., the trade
tuple needed to join with the first tuple idVprp may be
the last tuple i Vp . Similarly, it is set-to-seq because the
order of trades tuples is not relevantAd’. Finally, since
the warehouse inserter stores its input tuples in ofdey,
is map-to-one and suffix-safe but not set-to-seq.

The last two columns of Table 2 show the identifying at-
tributes and the transitive properties. None of the input pa-
rameters has hidden contributors. The identifying attribute
of Wav, AVpr, DTrrp and AVprg is [company] be-
cause it is the key ofV 4. The transitive properties (e.g.,
Subset-feasible) are computed (BR) using Definitions 4.2
and 4.3. Note that Same-seq and Same-set are not computed
since the re-extraction procedures have not been determined
yet.

5 TheDRResumption Algorithm

We now present th®R resumption algorithm, which uses
the properties developed in Section BR is actually two
algorithms, Design and Resumg hence the name. After
a component treg is designed,Design constructs a



InputYy | Attrs(Yx) KeyAttrs{'x) Yx Properties || 1dAttrs(Yx) | Yx Transitive
Properties

DTrrp [date,company,volume]] [date,company] map-to-one [company] | Subset-feasible
suffix-safe

AVprg [company,pe] [company] map-to-one [company] | Subset-feasible]
suffix-safe Prefix-feasible

AVpr [date,company,volume]] [date,company] map-to-one [company] | Subset-feasible
set-to-seq

Wavy [company,pe,avgvol] | [company] map-to-one [company] | Subset-feasible,
suffix-safe Prefix-feasible

Table 2: Declared and inferred

component tre€’ that Resumeauses to resume any failed
warehouse load o¥. The component tre€” is the same

asG except: (1) re-extraction procedures are assigned to the AVprp:

extractors inG’; and (2) filters are assigned to some of the
input parameters inv’'.

DesignconstructsG’ using only the declared attributes,
keys, and properties aff. When a warehouse load that
usesG fails, Resumenitializes the filters and re-extraction
procedures irG’ based on the tuples that were stored in the
warehouse Resuméhen use<s’ to resume the warehouse
load. Since neitheDesignnor Resumeuns during normal
operationDRdoes not incur any normal operation overhead!

5.1 Example usingDR
We first illustrateDR on our running exampleDesignfirst

properties of input parameters.

DT%RD removes the subset of tuples BTz, whose
company attribute value matches some warehouse tuple.

Same-se{VprE) holds because’TE is as-
signed GetAllinorderAVp g is also Prefix-feasible. There-
fore, a prefix fiIterAVIZT r 1s assigned tAVpre. When

a failed load is resumedAV/,, removes the prefix of
the AVprg input sequence that ends with the tuple whose
company attribute matches the last warehouse tuple.
AVpr: AVpr is Subset-feasible and IdAttdVpr) =
[company], SO a subset filter can also be assigned o, .

Itis not assigned, however, sinbesigndetermines that this

filter is redundant with thé)T{fRD filter.

Figure 8 shows=’. G’ is constructed in two “passes”
overG: a backward pass to compute IdAttrs, Prefix-feasible,

computes the Subset-feasible and Prefix-feasible tranSitiveand Subset-feasib]e, and a forward pass to Compute Same-

properties and the IdAttrs of each input parameter, as shown
in Figure 7.
Designthen construct&y’. First, it assigns re-extraction

seq and assign filters. Hence, the time to constficts
negligible compared to the time to design and deléyg
which is on the order of weeks or months [10]. Algorithm

procedures to the extractors based on their computed propDesignis done andy’ is set aside.

erties and identifying attributes. Since IdAttS(prg) =
[company], company can identify contributor source PE
tuples. Since both Prefix-feasibl&¥rrr) and Subset-
feasible@Vprg) hold, Designcan assign either GetSuffix
or GetSubset ta°T'E to avoid re-extracting all the PE tu-
ples. Suppos&T E supports neither GetSuffix nor GetSub-
set.Designassigned GetAlllnorder t&T FE instead.

Design can assign GetSubset tbRD since Subset-
feasibleDTrrp) holds and IdAttrsDTrrp) = [company].
However, supposd'RD only supports GetAll, so it is
assigned instead.

For each input parametd@esignthen chooses whether to
discard a prefix of the input (“prefix filter”), or to discard a
subset of the input (“subset filter”). Since discarding a prefix
requires the Same-seq propeigsigncomputes the Same-

Now suppose that a load using fails, and the tuple
sequence that made it into the warehougkis [(AAA, 3,
12500), (INTC,2,98000), (M SN, 4,15000) ], where the
three attributes areompany, pe, andavgvol, respectively.
Based onC, Resumeanstantiates the filters and procedures
(i.e., GetSuffix, GetSubset) 6} that are sensitive t6.

Subset fiIterDT{f rp IS instantiated to remove allTrrp
tuples whose company idAA, INTC or MSN. Prefix
filter AV}, is instantiated to remove the prefix of its
AVprg input that ends with the tuple whosempany
attribute isM SN. Then the load is resumed by calling the
re-extraction procedures @¥’. Because of the filters, the
input tuples that contribute to the tuplesdrare filtered and
are not processed again BYJI', AV andWWV.

In summary,DR avoids re-processing many of the input

seq property as it assigns filters to each input parameter, aﬁuples using filters. Also, if the extractofsTE and T RD

follows.

DTrrp: Same-seqPTrrp) does not hold becau§er D is
assigned GetAll, so it is not possible to filter a prefix of the
DTrrp input sequence. SincBTrrp is Subset-feasible
and ldAttrsQTrrp) = [company], it is possible to assign

a subset filter, denoteB)quRD, to remove a subset of the
DTrgrp input sequence. When a failed load is resumed,
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had supported GetSubset or GetSuffdR could have even
avoided re-extracting tuples from the sources.

5.2 Filters

In the example, we mentioned subset filters and prefix filters.
There are two types of subset filters and two types of prefix
filters that may be assigned 16¢. In each case, the filter



IdAttrs = [company]
Prefix-feasible
Subset-feasible

IdAttrs = [company]
Prefix-feasible
Subset-feasible

gﬁ\’ttrsfz [C%Tparm/v@
set-teasible [dAttrs = [company]
)

Subset-feasible

Figure 7: IdAttrs and transitive propertiesGf

receivesX’s output sequence as input, and the filter sends
its output toY” as theYy input sequence.

Clean-Prefix Filter: The clean-prefix filterCP[s, A] is
instantiated with a tuple and a set of attributed. CP
discards tuples from its input sequence until it finds a tuple
t that matchess on A. CP discardst, and continues
discarding until an input tupl€ doesnotmatchs on A. All
tuples starting with’ are output byCP. We useCP on

Yx whenYx is Subset-feasible, Prefix-feasible, and Same-
seq, and IdAttrs(y) is not empty. In this case, all input
tuples up to and including the contributors of the @saple,
denoted Last{), can be safely filtered. SOP is instantiated
asCP|Las{C), IdAttrs(Yx )], whereC is the tuple sequence
in the warehouse after the crash. We «@lP a clean filter
because n@ contributors emerge from it.

Dirty-Prefix Filter: The dirty-prefix filter DP[s, A] is a
slight modification toC'P that begins its output sequence
with ¢ instead oft’. We useDP on Yx when Yy is
Prefix-feasible and Same-seq, but not Subset-feasibie.

is instantiated a® P[Last(C), [dAttrs(Yx ).

Clean-Subset Filter: The clean-subset filte€’S[S, 4], is
instantiated with a tuple sequensSeand a set of attributes
A. For each tuple in its input sequencg, if ¢t matches any
S tuple on theA attributes, thert is discarded. Otherwise,
t is output. In other words(’'S performs an anti-semijoin
betweenZ andS (ID<4S). We useC'S on Yx whenYy
is Subset-feasible and IdAttis¢) is not empty. CS is
instantiated a&'S|C, IdAttrs(Yx)].

Dirty-Subset Filter: The dirty-subset filtetDS[C, A], is a
slight modification toC'S that applies wherYx is Prefix-
feasible but not Same-seq. Unlik&, DS removes a suffix
C, of C before performing the anti-semijoinCs contains
the tuples that shar€x contributors with Last{) and can
be obtained by matching tuples with the Last{) tuple
on IdAttrs(Yx). DS then acts like the clean-subset filter
CS|[C — Cs, IdAttrs(Yy ).

In summary, the properties that hold for an input pa-
rameterYy determine the types of filters that can be as-
signed toYx. When more than one filter type can be as-
signed, we assign the filter that removes the most input tu-
ples. When filter typef removes more tuples thapn we
say f = g. The relationships among the filter types are as
follows: CP = DP -~ DS, CP = CS = DS.

Hence, we try to assign the clean-prefix filter first, and
the dirty-subset filter last. IDR, we assign the dirty-prefix
filter before the clean-subset filter for two reasons. First, it
is much cheaper to match each input tuple to a single filter
tuple s than to a sequence of tuple filtef&s Second, the
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prefix filter’”

@
ooy

GetAll  ‘subset filter”’

Figure 8:G’ with procedures and filters assigned

Algorithm 5.1 AssignFilter
Input: Componenttree&, G’, input parameteY’y
Output: Input parameteY¥y in G’ is assigned a filter
whenever possible
If (Prefix-feasible{’x) and Subset-feasiblgf) and
Same-sed(x) and IdAttrst’x) # [ ])
Inserty; = C P[Last(C),IdAttrs(Yx)] betweeny
andX (inG’)
Else If (Prefix-feasiblel’x) and Same-seffx) and
IdAttrs(Yx) # [ ])
InsertY;} = DP[Last(C), IdAttrs(Yx)] betweeny’
and X
Else if (Subset-feasiblé(y) and IdAttrst’x) # [ ])
InsertY} = CS[C, IdAttrs(Yx)] betweeny” and X
Else if (Prefix-feasibleY’x) and IdAttrstx) # [ ])
InsertY{ = DS[C, IdAttrs(Yx)] betweenY and X

Figure 9: AssignFilter algorithm

prefix filters can remove tuples that do not contribute to any
warehouse tuple, simply because they precede a contributing
tuple. The subset filters can only remove contributors. The
second advantage is especially apparent in our experimental
results in Section 6.

The proceduréssignFilteris shown in Figure 9. Observe
that AssignFilterassigns a filter td’xy whenever possible.
Designuses a subsequent procedure to remove redundant
filters.

5.3 Re-extraction Procedures

The re-extraction procedures are now defined in terms of the
filters.

Definition 5.1 (Re-extraction procedureg
GetAlllnorder() = &o, the output of £ during normal
operation.

GetAll() = 7: 7 and&p have the same set of tuples.
GetSuffix(s,A) =7: CP[s,A] =T.
GetDirtySuffix(s,A) = 7: DP[s, A] = 7.
GetSubsetS,4) = T7: CS[S, Al =T.
GetDirtySubset(S,A) = 7: DS[S, A]="T.

The procedurédssignReextractigriwhich is shown in [7],
is similar toAssignFilter It tries to push the filters into the
re-extraction. For example, the same properties that allow
C P to be assigned t& also allow GetSuffix to be assigned
to E instead.

d



Algorithm 5.2 Design Transforms: .

Input: Component tre€ 100% (19/19) are in-det-out.

Output: Component tre€’ 95% (18/19) have no spurious output.
1. CopyG to G’ Input Parameters:

2. Compute IdAttrs(y ), Subset-feasibla{y), 91% (21/23) are map-to-one.
Prefix-feasibleYy) for each input 78% (18/23) are suffix-safe. ,
paramete’y in reverse topological order. 17% (4/23) are set—to—se_q (i.e., perfprm sorting)).

3. For each extractdt 100% (23/23) have no hidden contributors.

AssignReextractidd,G’,E) Figure 11: Properties of Sagent transforms and input

4. For each input paramet®k in topological order parameters

Compute Same-se¥jf)

AssignFilte(G,G",Yx)

If Yx is assigned a filter,
Set Same-seffy) to false.

5. RemoveRedundantFilté(s, G’)

6. Savel’ persistently and retur@’

Sagent. All of the extractors support GetAll and GetAllln-
order, but only the “SQL" extractor support GetSuffix, Get-
DirtySuffix, GetSubset, and GetDirtySubset. The proper-
ties of the 19 basic Sagent transforms (selection, projection,
union, aggregation, join, etc.) are summarized in Figure 11,
and show that the properties we have defined are fairly com-
mon in practice.

We then constructed two different component trees. The
first tree loads the TPC-D fact tabléneitem Fact tables
typically extract transactional data from a single table,
massage it, in this case with four transforms, and store it

Algorithm 5.3 Resume

Input: Component tre&’

Side Effect: Resumes failed warehouse load
LetC be the tuples in the warehouse
1. Instantiate each re-extraction proceduré&in

and each filter irG’ _with/actual value o€ in the warehouse. The second tree loads the materialized
2. For each extractdr in G _ view corresponding to TPC-D query Q3, which uses five
Invoke re-extraction procedure assigned:to transforms to join three source tables and perform a GROUP

BY and a SUM of revenue estimates.

Figure 10:DR algorithm .
g g 6.1 DRversus no-overhead algorithms

In the first set of experiments, we comparB® to the

5.4 TheDesignand Resumdlgorithms algorithms that impose no normal operation overhead (i.e.,
Figure 10 shows algorithmBesign and Resumeof DR. the lower right quadrant of Figure 2). We compared three
Designconstructss’ by processing the component triéen variants of DR to RedoandInf. Inf is the algorithm used

two passes. In reverse topological ord@esigncomputes Py Informatica [6], and uses only one filter just before the
IdAttrs, Prefix-feasible and Subset-feasible. It then uses inserter. DR,,.. pushes filtering to the extractord) R,
AssignReextractioto assign procedures to the extractors. Uses a prefix filter right after each extractor, whibe,.;
Finally, in topological order, it computes Same-seq and USe€s a subset filters there. NormalyR would produce
usesAssignFiltersto assign filters to the input parameters. D fsre- o

In [7], we show howDesign removes redundant filters. F|_gure 12 plots resumption time for the fact_ table load
After a failure, Resumesimply instantiates the re-extraction ~2against the number of tuples already loaded in the ware-
procedures and filters i’ with the actual value of the house, which we varied from 0-95%. As expecte® per-

warehouse tuple sequen€e The warehouse load is then forms better tharRedowhen20% (or more) of the tuples
resumed by invoking the re-extraction procedures. are in the warehouse. For instance, when the warehouse

The worst-case complexity dR is O(n? - [C| + n?), is 95% loaded,DR,,. completes a resumed load 10 times
assuming thab? filters are assigned. However, in practice, faster tharRedg and andD R, is 2.3 times fasterDR is
few filters are assigned bPR, but those filters lead to  @lso faster thainf. On the other hand, when the warehouse
significant performance improvements. Furthermore, our IS €Mpty at the time of failuré)R performs 10-12% worse

experiments show that the overhead in instantiating the filters thanRedobecause of the filter overhead. Among the three
is reasonable. DR variants,DR,,. performs the best because it filters the

tuples the earliestDR,,;, performs worse tha R,,. be-
. cause of the expensive anti-semijoin operation employed by

6 Experiments DR..y's filters.
In this section, we compai2R to other recovery algorithms. Figure 13 shows similar results for the view load. How-
We performed experiments using Sagent’s Data Mart 3.0. ever,DR,,,;, andInf perform worse thafRRedoregardless of
The software ran on a Dell XPS D300 with a Pentium Il how many tuples are loaded: the view query is very selective,
300 MHz processor and 64 MB of RAM. More details of the and many of the source tuples extracted do not contribute to
experiments are in [7]. any warehouse tuple. Since subset filters can only remove tu-

We first examined the extractors and transforms offered by ples that contribute to a warehouse tuple, the filters used by
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We then measured the resumption timesDd®, using
DR,,., versusSave which used two savepoints, aBatch

| # Savepoints|| Load Time (s)| % Increase]

0 94.7 0% which used three batches. We loaded the warehouse and
1 166.4 75.7% stopped the load after,; seconds. We then resumed the
2 245.9 159.7% load and recorded the resumption time.
3 314.0 231.6% Figures 14 and 15 plot the resumption time&, Save
andBatchasty,; increases. The graphs show tl&stves
Table 3: Fact table savepoint overhead resumption time improves in discrete steps that occur as each

savepoint completes. For the fact table lo&dR is more
efficient thanSavebecause the warehouse table is populated

| # Batches]|| Load Time (s)| % Increase] early in the load, andR can use the warehouse tuples
1 94.7 0% to make resumption efficient.DR's resumption time for
2 97.6 3.1% the view load is relatively slower because the first output
3 104.8 7.4% tuples are not produced until the load is nearly complete.
4 107.0 13.0% Unfortunately, neitheiSavenor DR performs well. The
5 113.0 19.3% two savepointsSave uses essentially partition the view
10 150.6 59.0% tree into three “sub-trees.” AlthougBavedoes not use
incomplete savepoints to improve resumptibik can treat
Table 4: Fact table batching overhead an incomplete savepoint and the “sub-tree” that produced it

as awarehouse table and a componenttree. The performance
of this hybrid algorithm, denotddybrid, is better than either
DR,,;, andInf do not remove enough tuples to compensate Saveor DR.

for the cost of their filters. BatcHs resumption time also improves in discrete steps,
as each batch completeBR is surprisingly more efficient

6.2 DRyversus Savepoints and Batching than Batch on the fact table load, given th&R imposes

In the second set of experiments, we compaB to no normal operation overhead. HowevBR can use any

“staging” (with savepoints) and “batching,” two algorithms completeq subset of the load to reduce resumption time.

in the upper left quadrant of Figure 2. On the view loadBatchresumes faster thaDR: BatcHs

resumption speed is its payback for “manual” modification

Tabl mpar he normal ration overh f .
able 3 compares the normal operation overhead o of the workflow and much slower normal operation loads.

loading the fact table as savepoints are added. Without

savepoints, the fact table loads in 94.7 seconds. Each ) )

savepoint slows down the load by 70-80%! In contras, 6.3  Discussion

has no overhead. We can draw a number of conclusions from the previous
We also introduced up to three savepoints to the view experiments. FirstDR resumes a failed load much more

load. However, even with three savepoints, the load is only efficiently thanRedoandInf. DR is also flexible in that the

7% slower because thddin’ transforms are very selective  more properties exist, the more choifR has and the better

and occur before the first savepoint. Hence, few tuples areDR performs.

recorded in the savepoints. Second, there is a need for a “cost-based” analysis of when
Table 4 shows the normal operation overhead of batch-to useDR. For instance, if the warehouse table is empty,

ing. As the load is divided into more batches, pipelining Redois better than botlDR and Inf. However, as more

decreases and there is more overhead for starting batches, stuples are loaded, usingR becomes more beneficial. A

the total load time increases. “cost-based” analysis can also determine when to use subset
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filters, which may not remove enough tuples to justify their 122, 1990.
cost (e.g., the cost of performing an anti-semijoin). [2] P. A. Bernstein and E. NewcomeRrinciples of Transaction
Third, savepoints (or snapshots) result in significant nor- Processing Morgan-Kaufman, 1997.

mal operation overhead. However, if certain transforms of (3] F. carino. High-performance, parallel warehouse servers and
a component tree are very selective (i.e., few output tuples large-scale applications, Oct. 1997. Talk about Teradata given
compared to input tuples), the overhead of savepoints may in Stanford Database Seminar.
be tolerable. When a batching algorithm is used, a careful
selection of the number of input batches is required: More
batches can result in significant normal operation overhead.

. - [5]
On the other hand, fewer batches result in longer resumption
times.

[4] TPC Committee. Transaction Processing Council. Available
at: http://www.tpc.org/.

J. Gray and A. ReutefTransaction Processing: Concepts and
TechniquesMorgan-Kaufman, 1993.

Informatica. Powermart 4.0 overview. Available at:
http://www.informatica.com/pntech.over.html.

[71 W. J. Labio, J. L. Wiener, H. Garcia-Molina, and

[6
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7  Conclusions

We developed a resumption algorithBR that performs V. Gorelik. ~ Resumption algorithms.  Technical re-
most of its analysis during “design time,” and imposes no port, Stanford University, 1998. Available at http://www-
overhead during normal operation. TBesignportion of db.stanford.edu/pub/papers/resume.ps.

DR only needs to be invoked once, when the warehouse [8] C.Mohan and I. Narang. Algorithms for Creating Indexes for
load component tree is designed, no matter how many times ~ Very Large Tables Without Quiescing Updates.SIGMOD

the Resumeportion is called to resume a load failur®R pp. 361-370, 1992.
is novel because it uses only properties that describe how [9] R.Reinsch and M. Zimowski. Method for Restarting a Long-
complex transforms process their input at a high level (e.g., Running, Fault-Tolerant Operation in a Transaction-Oriented

are the tuples processed in order?). These properties can be  Data Base System Without Burdening the System Log. U.S.
deduced easily from the transform specifications, and some ~ Patent 4,868,744, IBM, 1989.

of them (e.g., keys, ordering) are already declared in current[10] Sagent Technologies. Personal correspondence with cus-
warehouse load packages. By performing experimentsunder ~ tomers.

various TPC-D scenarios using Sagent’s load facility, we [11] J. L. Wiener and J. F. Naughton. OODB Bulk Loading

showed thaDR leads to very efficient resumption. Revisited: The Partitioned-List Approach. \ALDB, pp. 30—
Although we have developedR to resume warehouse 41, Zurich, Switzerland, 1995.

loads,DR is useful for many applications. In particular, if [12] A. Witkowski, F. Cariio, and P. Kostamaa. NCR 3700 — The

an application performs complex and distributed processing, Next-Generation Industrial Database ComputeNLLDB, pp.

DR is a prime recovery algorithm candidate when minimal 230-243, 1993.

normal operation overhead is required. Since previous
algorithms either require heavy overhead during normal
operation, or incur high recovery co§IR fills the need for

an efficient lightweight recovery algorithm.
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