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ABSTRACT resources allocated to them, which can be used to complete other

Long running decision support queries can be resource intensivelUernes.

and often lead to resource contention in data warehousingin today’s database systems, the work done by such terminated
systems. Today, the only real option available to the DBAs when queries is entirely lost even if they were very close to caiople
faced with such contention is to carefully select one or more and these queries will need to be run in their entirety at a late
queries and terminate them. However, the work done by suchtime. In this paper we show how instead we can suppStbp-
terminated queries is entirely lost even if they were vergecto and-Restartquery execution that can leverage partially the work
completion and these queries will need to be run in their entirety done in the initial query execution to reduce the execution time if
at a later time. In this paper, we show how instead we can supportve were to restart it.

a Stop-and-Restart style query execution that can IeverageA
partially the work done in the initial query execution. In order to
re-execute only the remaining work of the query, a Stop-and-

ny attempt to save and reuse all intermediate results polgntial

requires very large memory and/or disk resources (for instance,
; . hash tables in memory, sort runs in disk, etc.) in the worst case
Restart execution would need to save all the previous work. BUtamounting to significant overheads. Therefore, in this paper we

this approach would clearly incur high overheads which is propose Stop-and-Restart query execution that is constrained to

undesirable. In contrast, we present a technique that can be usegave and reuse only oundednumber of records (intermediate
to save information selectively from the past exgcution SO thaF therecords or output records) thus releasing all other resources. Such
pverheaq can be b.ound.ed. Despite saving only I.'m'ted an approach is attractive since it limits the resourceseztdiy a
information, our technique is able to reduce the running time of query that has been terminated. We refer to this abdhaded
the restarted qugries substantially. We show the effectivarfiess query checkpointingroblem. Our.solution is based on choosing a
our approach using real and benchmark data. subset of records to save during normal execution and then
skipping the corresponding records when performing a scan
1. INTRODUCTION during restart. We introduce a generalization of the scan operator
Decision support queries can be long running. For example, called skip-scan to facilitate such a restart technique. We
recent TPC-H [17] benchmark results show that these queriesjemonstrate that in order to obtain significant speed up, it is
might take even hours to execute on large datasets. When multipl¢yecessary to carefully select the subset of records to Saeéey
long running queries are executed concurrently, they compete forchallenge we address is to select this set of records online as
limited resources including CPU, main memory, and workspace query execution proceeds, since we have no knowledge of when
area on disk used to store temporary results, sort runs and spille@r if at all the query is going to be terminated. Our experiments
hash partitions. Contention for valuable resources canpased on a prototype built by modifying Microsoft SQL Server
substantially increase the execution times of the queries. It iS2005 indicate that there are many cases where bounded query
possible to suspend the execution threads of one or more lowtheckpointing yields significant benefits even when a relatively

priority queries and resume them at a later time. The mainsmall number of records are saveéd. course, we get higher
problem with this approach is that suspending the execution of apenefits when more records can be saved.

query only releases the CPU resources; the memory and dis . o . .
resources are still retained until the query execution thread iSkgggisigutrs]igpotr?rge(:;[uécr)iresStC)igs?Jg?j Reiztarta Stﬂ:\ta?v)\(/gtr::ﬁgl?si%

resumed. Thus, the only real option available today in order to environment. We assume that the database is read only except for

releaseall resources is to carefully select one or more queries ; . )
(based on criteria such as the importance of the query or the? batched update window when no queries are executed. Finally,

amount of resources used by it or progress information [3][13]) although saving and reusing intermediate results is reminiscent of

and terminate them. Terminating one or more queries releases alkhe technlqpes used_for dynamlc_ query optimization [1][6][15]
he constraint of saving and reusing onlpp@ndednumber of

records is unique to our problem.

Permission to copy without fee all or part of thiaterial is granted provided The outline of the paper is as follows. In Section 2 we review
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or to redistribute to lists, requires a fee andfoecial permissions from the pipeline. In this section, we introduce how Stop-and-Restart query
publisher, ACM. execution can be supported in the framework of query processing
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of work for query execution, we also present an algorithm to constraint is given in terms of number of bytes, in this paper we
compute the set of intermediate results to save and reuse for theonsider the constraint specified in terms of number of records for
case of single pipeline execution plans. In Section 4, we extendsimplicity.

our algorithms to_work for more_complex execution plans. We_ We now discuss desirable properties of a Stop-and-Restart style
present an experimental evaluation of our prototype system ingy . tion.

Section 5 and present discussions on important extensions in

Section 6. Section 7 presents related work and Section 8Correctness: The restart plan must be equivalent to the original

concludes the paper. query plan.
Low Overhead: There are two forms of overhead in a Stop-and-
2. PRELIMINARIES Restart framework. One is the monitoring overhead incurred
. . when the query is not terminated. Clearly, the performance in this
2.1 Plpellnes and Plans case should be comparable to normal query execution. Secondly,

The Stop-and-Restart style query execution is described aroundve have the stop-response-time, which is the time taken to
query execution plansA query execution plan is a tree where terminate the query. The process of query termination must be
nodes of the tree are physical operators. Each operator exposesfast, which constrains the number of records we can save. This is
GetNext interface and query execution proceeds in a demanda critical design point for the viability of our approach.

drive_n fashion [7]. In this paper, for ease of exposition we do not Generality: A Stop-and-Restart framework should be applicable
consider parallel query execution plans. to a wide range of query execution plans.

An operator is dlocking operatoiif it produces no output until it Efficiency of Restart: The sum of the execution time before the

consumes at least one of its inputs completely. The Hash join isy ey is stopped and the execution time after it is restarted should
an example of blocking operator. The probe phase cannot beginhe 4q close as possible to the execution time of uninterrupted
until the entire build relation is hashed. query execution. Thus, our main performance metric is how much
A pipelineis a maximal subtree of operators in an execution plan of the work done during the initial run can be saved during the

that execute concurrently. The examples in Figure 1 illustrate restart run.

plans that execute in a single pipeline. Every pipeline has one or

more source nodesthe operator that is the source of the records 3, SINGLE PIPELINE QUERY PLANS

operated upon by remaining nodes in the pipeline. The Table Scayye consider pipelines that consist of a single source node and
A in Figure 1(a) and Index Scan A in Figure 1(b) are examples of yhere the results of the pipeline are obtained by invoking the

source nodes. We discuss execution plans consisting of mu"'p|eoperator tree on each source record in order and taking their

pipelines in Section 4. union. The pipelines in Figure 1 fall in this class — the source
. ) . nodes are shaded. Result records are generatedrabtimade of
2.2 Modeliing Work during Query Execution the pipeline. At any point in execution, it is meaningful to talk

We require a way to measure the amount of work done duringabout thecurrent source recordeing processed in the pipeline.
query execution. One natural candidate is the optimizer costThere are pipelines having operators such as Top, Merge-Join that

model; however we require a more light-weight alternative. In do not fall in this class; our techniques however are applicable to
this paper we use thietal number of GetNext calleeasured over  such pipelines also. We extend our solution to query execution
all the operators to model the work done during query execution.plans consisting of multiple pipelines in Section 4.
subqueries and UDFs, we use the counts as a first step. This is -
consistent with recent work on progress estimation for queries Filter
which also employs similar schemes to model the work done
GetNext model is almost the same as that in execution times.

. () (b)
2.3 Stop-and-Restart Style Query Execution
Stop-and-Restart style query execution involves two distinct Figure 1. Examples of a single pipeline query execution plans.
phases — thmitial run which is the first query execution until it is
during the initial run which can be utilized during the restart run. N this section, we outline the primitives for supporting Stop-and-
When the query is killed, this state is saved coupled with a Restart execution.
modified execution plan utilizing it. During the restart run, the Rjdsat the Source Node
during the initial run. We discuss other candidates for saving such
as the internal state of operators in Section 6. Also, while our
approach can be extended to cover the case where the stora

While a weighted aggregation of GetNext calls is more
Index Nested
Loops Join
during query execution [3][13][14][4].Our experiments in
terminated, and theestart run which is the re-execution of the
modified plan (referred to asrastart plar is executed. In this

appropriate for complex queries involving operations such as

Section 5.1 indicate that the improvement as measured by the Table Scan A Index Scan A Index Seek B
same query at a later time. We are allowed to save satee st 3.1 Primitivesfor Stop-and-Restart Execution
paper, we only consider saving intermediate results generate

e assume that each source record has a unique idenitifier

his can be implemented say by adding the primary key value to
the key of a clustering index. For instance, Microsoft SQLServer
aedds the primary key to any index key. Without loss of generality,
Y¥e assume thaids are numbered 1,2,3... in the order in which
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they are scanned. For ease of exposition, we assume a spkcial riscan operator sends an end-of-LB (EOLB) message before it skips
value 0 indicating the beginning of the table. We use the notationto the UB. On receiving the EOLB message the pipeline root
(LB,UB) to denote all source records with rids between, but not returns the saved records, after which it makes GetNexttoalts
including LB and UB, whereas [LB,UB] also includes LB and child operator as usual. Figure 2 illustrates an example ofaxtrest
UB. We also assume that for any intermediate record r, we ca plan. The Filter operator is the root of the pipeline which returns
obtain the rid for the corresponding source record, denoted ashe three saved records on receiving the EOLB message from the
Source(r). skip-scan operator.

Skip-Scan Operator

The simplest stop-restart technique isstveall result records
generated during the initial run at the root of the pipeline. For

example, for the plan shown in Figure 1(ak save all records calls skipped, i.e., the difference between the number of GetNext

returned by the Filter operator. During the restart run, the goal iscalls completed while executing the original plan and the restart
to avoid re-computing these saved results. We accomplish this by P 9 9 P

introducing the notion ofkipping— we skip the corresponding plan. For ease of exposition, we ignore the GetNext calls involved

) ) in returning the results cached at the root of the pipeline of a
source records when scanning the source in the restart run. 9 PP
_ i ) restart plan. However, all our results extend even if we count
We introduce a generalized version of a scan operator that can beénese calls.

used to support this. It takes two rids LB < UB as an input. It
scans all records in the source node up to and including LB an
resumes the scan from the record with rid UB (included in the
scan), skipping all records in between. We refer to this primitive
as theskip-scanoperator.

3.2 Restart Plansand Their Benefit

Instead of reasoning in terms of cost, we reason in terms of
benefit The benefitof a restart plan is the number of GetNext

dSince we cache result records at the root of the pipeline, we
search the space of restart plans by examining result recdhds at
root. For a window W consisting of contiguous recokds ., fi;

(j > 0) at the root of the pipeline, we use the corner recordsid

r; to derive a restart plan as follows. The set of result records
The skip-scan operator can be built on top of existing operatorsexcluding the two corners, that js I 1.1 is called thecandidate
such as Table Scan and Clustered Index Scan utilizing the randongetunderlying W with sizg. By setting LB =Sourcér;.;) and UB

access primitives from the storage manager. For instance, in a Sourcér;,;) and saving the candidate set, we obtatardidate
Clustered Index Scan, we seek to the UB value using the key (werestart plan

assume they are unique). In the case of Heap File Scan, W(?-|owever, the candidate restart plan is not necessarily equivalent

remember the page (pageid, slotid) to resume the scan from. | - . .
general, the skip-scan operator can be extended to skip multiplgo the original query plan, as illustrated by the following example.

ortions of the source node. In this paper, we focus on skippin Suppose we are executing an Index Nested Loop Join between
P . ' paper, PPING &rables A and B as shown in Figure 3. Consider the sliding
single contiguous range.

window of three result recordg=+ (1,1), £ = (2,2) and 5= (2,2)
A shown shaded in the figure. The restart plan corresponding to this
is defined by LB = 1 and UB = 2 thus leading to no record being

A skipped. The candidate set however has the single regerd r
(2,2) which implies that this restart plan is incorrect. Such
III duplication happens if and only Bourcér.;) = Sourcér;) or

S| (W T> SOMIERI) ZEOUER )

f ~ JT
. INL Join
LB Skip UB
Figure 2. Skip-Scan Plan Table A Table B

Saving and Returning Records

NNE

We extend all operators with the ability to save a sequence of
records. This logic is only invoked at the root of the pipeline,
which is marked at compilation time. If and when the query is
terminated, a restart plan that uses this sequence of records is Figure 3. Example of Result Window that is not Skippable

saved where the source node is replaced with a correspondinggag it windows whersourcéri) # Sourcér;) and Sourcr;.) #

skip-scan operator. Sourcéri.,) are calledskippable Thus, Figure 3 illustrates an
Any pair of rids LB < UB (at the source node) identifies aartst ~ example window that is not skippable.

plan RPlan(LB,UB) as follows. We replace the scan of the sourcetne candidate restart plan corresponding to a skippable window

node with a skip-scan seeded with LB and UB and cache they, is denoted as RPlan(W) and the benefit of RPlan(W) as
results generated by records in the region (LB,UB) at the root of benefitw).

the pipeline.

We need an additional mechanism to handle certain corner cases.

qu we explain the execution of the restart plan. Consider the\ye assume two “dummy” result records appearing at the root of
point where the skip-scan operator has returned the source recorg,o pipeline:begin associated with the iterator's Open call, and

corresponding to LB. At this point, similar to the end-of-stream g associated with the call to Clossource(begin)s defined to
(EOS) message that a scan operator sends at termination pthe ski
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be 0.Source(end)s set to be the current source record being successive source records that satisfy the filter preddégeow
processed at the point of termination. Consider the query plan indiscuss an experiment that illustrates this point.
Figure 1(a). Suppose that at the point of termination, no records

have been output by the filter operator. In this case, we can skip 3000
the entire scan until this point. However, a candidate restart pla

is only defined for windows that have at least two corner records. 2500
We needbeginandendto capture such cases. = 2000
3.3 Bounded Query Checkpointing 2 1500
We can use the primitives introduced above to save all result| 3
records but this incurs unbounded overhead since the number of E 1000 1
results generated can be large. We control the overhead by 500
constraining the number of records that can be saved.

0

A skippable window W of result records is said tobleeindedif 0 1000 2000 3000 4000 5000 6000 7000 8000

its candidate has size at ma&sfThe corresponding restart plan is A
also said to béounded In general, RPlan(LB,UB) is said to be |
bounded if the number of results cached is at kost

Thebounded query checkpointipgoblem is the following online Figure5. Benefit(ri.y, , i) vs.i.
problem. We are given a pipeline P and a budgétretords. At
any point in execution where the current source record beingWe choose a query over the TPC-H data that selects all roms fr
processed has identified, the goal is to maintain a bounded the lineitem table that satisfy the predicateshipdate <=
restart plan equivalent to P that yields the maximum benefit 1996-12-01". The execution plan for this query is identical to
among all bounded restart plans RPlan(LB,UB) with LB <+JB  the plan shown in Figure 1(a). We execute this query over the
id. This is an online problem since we do not know when the TPC-H dataset where the data distribution is skewed (refer to
query is going to be terminated. Section 5 for details). Figure 5 plots the benefit of the result
window (r.1,h) (Y-axis) against (this corresponds to setting the
budget to 0). We note that there is significant non-uniformity in
@ the graph. Most of the benefit is clustered in a range of about
Records that do not 2000 records betweengg, and kgoe Whereas the lineitem table
pass filtering criteria has 6 million records. Now suppose that the buge®000. The
k benefit of saving the 2000 records betweggand gggocan be

. - . obtained by aggregating the corresponding benefits from Figure 5.
k1 -}

This benefit is significant and is much higher than the aggregate
corresponding to an arbitrary subset of 2000 records.

[

T
W\
o

i

- J
Table A B&st-3 Region Output Records of 3.4 Opt-Skip Algorithm
Filter Operator We now present th@pt-Skipalgorithm for the bounded query
checkpointing problem. This algorithm runs at the root node of
Figure 4. Optimal Bounded Restart Plan. the pipeline and considers various restart plans identified by

. . o maintaining a sliding window of result records.
Figure 4 illustrates an example for the query plan in Figure 1(a)

where the budgek is three. The records that satisfy the filter A Naive strategy suggested by the problem statement in Section
predicate are marked out (other records are in the gray region)3-3 €numerates all bounded restart plans as result records arrive a
Suppose the query is terminated after all the records shown in théh€ Pipeline root. However, it is not necessary to enumerate all
Figure are processed. The label “Best-3 Region” shows the regionbounded restart plans. Observe that if we have two restart plans
that is skipped in the optimal restart plan. RP, = RPlan(LB,UB,) and R = RPlan(LB,UB;) where LB <

) ) LB, and UB > UB,, thenbenefit(RR) > benefit(RR). Thus, it
There is an inherent tradeoff between the number of records wegyfices to consider onlnaximalrestart plans defined to be plans

can cache and the benefit we can obtain during restart. For a giverel) which are bounded and (2) where decreasing LB or increasing
budgetk, there are cases where the maximum benefit we canyp yiglates the bound.

obtain is limited, independent of the specific algorithm we use. o ) _ o
Consider the quergelect * from T that scans and returns ~ We capture this idea in our algorithm by considenmgximal
all records in T. Any algorithm can skip at méstecords in the ~ SKkippable windows of result records. Given a window W, an

scan. Ificis small compared to the cardinality of T, then most of T €Xtensionis any window W’ that has W as a proper sub-window
has to be scanned during restart. (so W’ must have at least one more record than W). A skippable

] ) window W is said to benaximalif it is bounded and it has no
However, in practice, there are cases where even a smal 8l gyippable extension that is also bounded. It is not hard to see that

k can vyield significant benefit provided we carefully choose maximal restart plans correspond to maximal skippable result
which k records to save. This holds even when the bukigeD. windows and vice versa.

For example, in Figure 4, we can skip the region between any two ) . . .
Our algorithm outlined in Figure 6 enumerates restart plans

corresponding to maximal skippable windows of result records.
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The constraint on the bound is met by maintaining a sliding Finally, note that even though the problem statement only bounds
window W of k+2 result records. The current window W is not the number of result records cached as part of the restarthgan, t
necessarily skippable, which is why the metiiaadSkippablds working memory used b@pt-Skipis also OK).

invoked to find its largest sub-window that is skippable. Consider

the current window of sizk+2. Let it be W =ri4,...,k. If W is 4. SOLUTION FOR THE GENERAL CASE

not skippable, then the largest skippable sub-window can be

found by finding the last record in W with souBeurcér.,) and In this section, we extend our solution to more complex query

the first record with sourc8ourcéri.,). A skippable sub-window

exists if and only iSourcér; ;) # Sourcer;.)-

[* W = current windowk= total budget */
/* BestW = best window */
Algorithm Opt-Skip
BestW = Null
W = Null
For Each intermediate record do:
Append;rto W
If W.Size() >k+2 then
W = lask+2 records in W
SkippableW FindSkippabléw)
If Benefit(SkippableW) > Benefit(BestWhen
BestW = SkippableW

Algorithm FindSkippable
Input: W=ri,... ofi «

If (Source(r,) = Sourceri.;))

Return Null
Find the least j1 such th@burcer;.,)#Sourceri.,.j1)
Find the least j2 such thBbUrceri. i) # Sourceri.y)
Return the window .14j1)-1, .-+ fi+k2)+1)

Figure 6. Algorithm Opt-Skip

execution plans that consist of multiple pipelines.

4.1 Execution Planswith Multiple Pipelines

A query execution plan involving blocking operators (such as sort
and hash join) can be modeled as a partial order of pipelines —
called its component pipelines — where each blocking operator is
a root of some pipeline. For example, the execution plan in Figure
7 features two pipelines, P1 and P2. These pipelines correspond to
the build side and probe side of a Hash Join respectively. In
pipeline P1, the Table A is scanned and the records that satisfy
the selection criteria of the Filter operator are used in thie bui
phase of the Hash Join. The execution of P2 commences after
hashing is finished. The index on Table B is scanned and records
are probed into the hash table for matches.

4.2 Bounded Query Checkpointing for Multi-
pipeline Plans

A multi-pipeline restart plan is obtained by replacing some subset
of the component pipelines with corresponding single-pipeline

restart plans. This preserves equivalence since replacing a
pipeline with its restart plan preserves equivalence. For instance
in the execution plan in Figure 7, we could consider replacing

pipeline P1 or P2 or both with single-pipeline restart plans.

Our goal, as with single pipeline plans is to find a restart plan
such that the total state saved, counted in terms of records, is
bounded and where the cost of the plan measured in terms of
GetNext calls is minimized. Again, as with single pipeline plans
we introduce the notion of theenefitof a restart plan which is the

The other aspect of our algorithm is the computation of the gifference in the number of GetNext calls between the initial pla

benefit of a restart plan. This is computed online as follows. For 544 the restart plan. Thus, we are left with the online problem of
result record r let GNJ(r;) be the total number of GetNext calls  maintaining the restart plan that yields the maximum benefit.
issued in the pipeline until the point recorevas generated at the

root. Let GN(r;) denote the number of GetNext calls needed to
generate;rat the root beginning by invoking the operator tree on
record Sourcér;) from the source. For a skippable window of
result records W+4,...,Ij, we can show that the benefit is

benefitfV) = GN(risj)— GN(ri-1)— GN(5y)

This formula enables us to compute the benefit in an online
fashion. In our implementation, we focus on pipelines consisting
of operators such as filters, index nested loops and hash joins
whereGN(r;) is the number of operators in the pipeline. For such
pipelines, maximizing the benefit as stated above is equivalent to
maximizing GN(ri,j)— GN(ri.1). The null window referenced in
Figure 6 is defined to have a benefit of 0.

If the number of candidate records returned at the pipeline root is4-3 A|.gOIfItth ) o ]

less than or equal to the buddetthen we save all of them. The main difference from the single pipeline case is that for a
Whenever we find a set of result records in the current window 9iven budget ok records, we have the option of distributing these
that is skippable and has a higher benefit than the current besk records among different pipelines to increase the benefit. A
(maintained in a bufferBestW), we reset the current best Pipeline in an execution plan can be in one of three states — (1)
appropriately. The sliding window ensures that no window of completed execution, (2) currently executing or (3) not yet
records with a highepenefitis missed. It can be shown ti@pt- started. Clearly, it suffices to consider pipelines thatcareently

Skipalgorithm finds the restart plan with the highest benefit. executinlg or have completed execution for replacement with a
restart plan.

iindex Scan B

T

Figure 7. Execution Plan with Multiple Pipelines
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Computing the optimal distribution df records in the multi- Section 3.1. The clustered index scan operator is extended to
pipeline case could require excessive bookkeeping; we wouldaccept values LB and UB and implement the skip-scan operator as
need to keep track of the optimal restart plans for different valuesdescribed in Section 3.1. In our implementation, the saved
of k. This substantially increases the monitoring overhead during intermediate results from the initial run are cached in merzody

the initial run of the query. In order to keep this overhead low, we reused during the restart.

consider the following heuristic approach. The main goals of the experiments are to study:

We always maintain thBestWwindow with a budget df records
(see Section 3.4) for the current pipeline. Whenever a pipeline
finishes execution or the query is terminated, we combine this
window with the windows for the previously completed pipelines +  The utility of bounded query checkpointing for complex
so that the overall number of records to be saved is atkmds queries

outline three methods of executing this step.

« The effect of data clustering on the benefit of bounded
query checkpointing

* The overhead of bounded query checkpointing
Current-Pipeline: This method retains only thigestWwindow of

the currently executing pipeline and ignores the windows
corresponding to the previous pipelines. While simple to
implement, this method could lead to poor restart plans since the ~ *  The effect of the budgéton benefit

benefits yielded by previously completed pipelines could be patabases: We use both benchmark and real data sets to evaluate
significantly higher than that yielded by the current pipeline. Our gy prototype. We use the TPC-H 1 GB database. The original
experiments in Section 5.4 confirm this intuition. data generator from TPC [17] does not introduce any skew in the
Max-Pipeline: In contrast withCurrent-Pipeline this method  data. We use a data generator [21] that introduces a skewed
takes the benefit of the previously completed pipelines into distribution for each column independently in a relation. We use a
account. It only considers replacing a single pipeline with its zipfian distribution with a skew factor of z = 1. Every table &as
optimal restart plan. Among all pipelines that are currently clustered index on the primary key. For our workload, we use all
executing or have completed execution, the pipeline that yieldsthe queries that reference the Lineitem table; these areatiypi

the maximum benefit when replaced with a restart plan is chosenthe long running queries among the TPCH suite. In order to
This is implemented as follows. At any point, we maintain the understand how the prototype works on real data sets, we also
window corresponding to the best pipeline among all pipelines Present an evaluation using the personal edition of the Sky Server
that have completed execution. TBet-Skipalgorithm is run on database [18] . This is a publicly available database of astronomy
the currently executing pipeline. When the current pipeline data.

finishes execution, the benefits yielded by the windows for the Eyajyation Metric: Queries that are terminated have to be rerun
current and previous pipelines are compared and the better of th@ntirely in the absence of techniques suggested in this paper. We
two is chosen. use the GetNext model of work (see Section 2.3 for details) Let
Merge-Pipeline: In contrast with the above methods, the Merge- denote the total number of GetNext calls in the execution of a
Pipeline method considers distributing the space across more thafiuery Q. Let T1 denote the number of GetNext calls invoked
one pipeline. We illustrate this method for an execution plan during the initial run before the query is stopped. Let T2 be the
consisting of two pipelines. Th®pt-Skip algorithm is used to number of GetNext calls invoked during the restart to reach the
compute the optimal restart plan for each pipeline independently.same point in execution where the query was originally stopped.
Consider the point where the second pipeline has finishedNote that this point in execution is well defined for our restart
executing. We now have 2 result windows cached at the roots ofplans. (T1-T2) measures the benefit of the restart plan (see
the two pipelines. Let these windows bgr(r.. i, 1) and (g, Section 3.2). We define the Percentage_Work_Saved (PWS) as

-+ S0 Se+1)- Since we cannot cacl¥é records, we need to eliminate  pyws = (T1-T2)/ T1 * 100

some records from these windows. Suppose we wish to eliminate . . .

one record. We greedily consider eliminating each of the four We instrument the query execution to write out the total _number
corner recordsof fet, S Sei. Among these four choices, we pick of GetNext calls seen thus far as well as the benefit value

the one that brings about the least reduction in benefit. Since thecorrespondin_g to_ the best restart plan until tha.lt point. After the
budget ik, this process is repeatedimes. query execution is complete, we can analyze this log to figure out

) i what would happen if the query were terminated at any particular
Sub-tree Caching: We also consider the case where the number point in the past (for the currekwvalue).

of records returned by some node in the execution plan is less

than or equal to the budglet By saving all of these records, we 5.1 Useof GetNext Model
can skip re-executing the whole sub-tree rooted at this node. We-"
refer to this method asub-tree cachingThe benefit yielded by
saving this set of records is set to the number of GetNext calls
issued over the entire sub-tree

«  The different algorithms presented for the case of multi-
pipeline execution plans

or the TPC-H queries used in our experiments, the leaf nodes in
the query execution plan are all clustered index scans. Prior work
on progress estimation indicates that the GetNext model is well-
correlated with execution time for such scan-based plans [3].

5. EXPERIMENTS We study the absolute error between the PWS values computed

In this section, we present an experimental evaluation of boundedjs,ing execution times_and_the GetNext model for the fO'FOW‘“Q
query checkpointing. Our prototype is built by modifying the join query. The execution times are measured on a machine with
query execution engine of Microsoft SQL Server 2005. We add 3.2 GHz CPU and 1 GB of RAM.

the primitives required for Stop-and-Restart execution outlined in
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SELECT COUNT (*) pick the budgetk so that it is large enough to save all the
FROM lineitem, orders intermediate records only when the selectivity is less than 0.01%.

WHERE |_orderkey = o_orderkey AND For the above query, we consider three different clusterings of the
| receiptdate > 1998-01-01" lineitem table as follows.

Independent (IND):The lineitem table is clustered using the

GetNext vs Execution Times |_returnflag column. The predicate (on the |_receiptdate column)
has no correlation with the clustering column. Thus, the records
1.60% that satisfy the predicate are evenly spaced on disk.
2 122; | Strongly Correlated (SC)he lineitem table is clustered using the
T 1 oo% | |_shipdate column. Since |I_shipdate and |_receiptdate are highly
5 0.80% | correlated, the records that satisfy a range predicate on the
H;j 0.60% | |_receiptdate are likely to be clustered together.
é 0.40% 1 Weakly Correlated (WC)he lineitem table is clustered using the
< 0.20% — |_orderkey column. This represents a scenario in which the
0.00% o s 1 oo correlation between the clustering column and the predicate

column falls in between the previous two cases.

Figure 9 plots the PWS values for all the 3 cases (IND, WG, SC
We terminate the query at the 50% point (that is, after 50% of the

GetNext calls are over in the initial run); the results andlar for
The query plan is a hash join with the lineitem table as the build other points of termination.

input. The budgek is set to 250 (chosen to be small enough for ) . .
sub-tree caching to be inapplicable). Figure 8 illustrates the For the cases where the entire set of intermediate resultbe

absolute error between the PWS computed using the Ge'[Nexfaved (the 0.05% and 9'01% cases), the PWS is maximum
model and actual execution times as a function of when the quen}ndependent of the clustering.

is terminated. Note that the absolute error is uniformly low As expected, a higher degree of correlation yields greater
(around 1%) across different termination points of the query. We benefits. Thus, the SC case yields the maximum benefit followed
also observe similar results for different selectivity valioeshe by WC followed by IND.

predicate.

Point of Termination

Figure 8. GetNext Model vs. Execution Times

For a given clustering of the data, increasing the selectivitiyeof t
We do note that for execution plans involving operators such aspredicate in general decreases the benefit. However, thetrate a
index seeks, a weighted version of the GetNext model would bewhich the benefit decreases is again dependent on the specific

more appropriate. clustering. Thus, the benefit for SC decreases much more slightly
than that for WC and IND. For example, for the IND case, anhy se
5.2 Effect of Clustering of k-records would have the same benefit and this would decrease

One of the main factors that influence the benefit yielded by the linéarly with increasing selectivity. In such cases, one cancexpe
skip-scan operator is the order in which records are laid out onOnly relatively small benefits in the restart for small valogk.

disk. Thus for example in Figure 4, if the records satisfying the SC represents the best-case scenario asdirelation between
filter predicate are evenly spaced, the benefits of boundedthe | receiptdate and the |_shipdate attributes ensures that the
checkpointing would not be as significant. We study this skip-scan operator yields maximum benefits even with increasing

empirically in this section. selectivity.
Effect of Clustering Thus, bounded checkpointing yields maximum benefit when
either selectivity is low or there is a strong correlation betw
120.00% predicate column and the clustering column.
100.00% & & - 2 - A i
. NN 5.3 Evaluation on TPC-H Queries
w \_\ —s—IND One important factor is the overheads imposed by our techniques.
2 60.00% —EWe As mentioned in Section 2.3, this has two components. One is the
40.00% - stop-response-time, which is negligible for small valuek @fe
T \"\-ﬂ typically set it so that all records we save can be accomeubdat
‘\-\ in a few pages). The other important parameter is the monitoring
AL A overheads incurred in the initial run (when the query is not
o ’ Selémww terminated). For the TPC-H workload, we observe that for most of
the queries the overheads are within 3% of the original query

Figure9. Effect of Clustering. execution times.

We use a join query between the lineitem and orders table whichFigure 10 shows the PWS for the TPC-H workload when the
has a range predicate on the |_receiptdate column of the lineitenrflueries are terminated at the 50% point. We set the bludgdte
table. We vary the selectivity value from around 0.005% to 10% 250 (If we assume a database page size of 8KB and an average
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single page). The plots in the Figure 10 show that we can save g

LT . . L e Current-Pipeline Algorithm
significant portion of the work done in the initial run by utilizing

only a small amount of state. Among the 17 queries in the 100.00%
workload, the PWS is 40% or more for nearly half the queries in zggg;
the workload. 70.00% YT
g o e 2
TPCH Queries (K=250) £ oo | 4 Query 14
30.00% A = =&= =Query 18
120.00% 20.00%
10.00%
100.00% 0.00%
5 80.00% A \9@ o5
E 60.00% Point of Termination
40.00% M
20.00% ﬂ> |:| Figure 11. Current-Pipeline Approach.
0.00% e ‘I:l‘ ‘D‘ roT ‘I:l‘ T Comparing Multi-Pipeline Algorithms
13456 7 8 9 1012141517 1819 2021
TPCH Query 100.00%
90.00%
80.00%
H H H H 0, 70.00%
Figure 10. TPCH Queries (Termination at 50%). e o CuentPpeine
. . . 1] . -
Query 17 represents a case where the PWS is 100%; this i§ 2 2828: —=— Max-Pipeline
because the predicates are very selective and subtree caching i 20.00% —o— Werge-Ppeline
applicable. On the other hand, consider a scheme for bounded 20.00%
checkpointing that relies only on subtree caching, that is it saves e |

all intermediate records, as long as the number of records does no © o e o &
. N S S S N
exceedk. Such a scheme would only be applicable for Query 17 GG S
in the workload, while the techniques proposed in this paper yield Point of Termination

significant benefits for a much larger number of queries.

KR
S

For Queries 1 and 3, we get practically no benefit. Query 3tselec Figure 12. Multi-Pipeline Algorithms.

most of the records in lineitem which are evenly spaced out onln Figure 12, we illustrate for Query 10 how the Max-Pipeline
disk. Thus saving just 250 records does not yield substantialand the Merge-Pipeline algorithm compare to the Current-
benefits. Pipeline algorithm. For this query, the best pipeline to skip is the

one in which the source node is the Lineitem table. Both the Max-

For Query 1, saving and reusing the p.ar“f?" sums corresppnding tq’ipeline and Merge-Pipeline algorithm are able to identify this
the aggregates would have resulted in significant benefit. In our ke the Current-Pipeline algorithm. For this query. the

ggots;{[gteew;;(:c?ss ?:t:rart]v;rgtcl)ntg:)newreeggt: r?/sgltsdgr;ﬂsdso Egbvsat\é%ipelines executed after the 70% point are not good candidates for

incorporate partial operator state in Section 6 utilizing the skip-scan operator. In this case the savings obtained
P P P ) by using the Max-Pipeline and the Merge-Pipeline algorithm are
the same.

5.4 Algorithm Choicefor Multiple Pipelines

In Section 4.2, we presented three algorithms for the case o
Multiple Pipelines (Current-Pipeline, Max-Pipeline and Merge-
Pipeline). We first study the Current-Pipeline algorithm. Among
the 17 queries executed for nearly half of the queries, Max-
Pipeline and Merge-Pipeline yield higher benefit than Current-
Pipeline, and for the remaining queries, the benefits yielded by al
algorithms are equal. In fact, it can be formally shown that the
Current-Pipeline algorithm vyields at most the same benefit as
either of the Max-Pipeline and Merge-Pipeline algorithms.
Moreover, the benefits yielded by the Current-Pipeline algorithm
significantly vary with the termination point. Figure 11 illustrates
how the PWS varies as a function of when the query is terminate
for the Current-Pipeline algorithm. For instance, if Query 10 (a
join of 4 relations) is stopped at 60%, the PWS is around 25%.
But if the same query were stopped at 80%, there are practicall
no benefits.

fWe now compare the Max-Pipeline and Merge-Pipeline
algorithms. Recall that unlike the Max-Pipeline algorithm, the
Merge-Pipeline algorithm can insert the skip-scan operator at
multiple pipelines. In general for TPCH queries, most of the
benefit is obtained by performing a skip-scan over the lineitem
(table. As a result, we find that the Max-Pipeline algorithm
performs as well as the Merge-Pipeline algorithm for many
queries. But there are cases where utilizing the skip-scan aperat
at multiple pipelines is important. For instance, Figure 13 shows
how the Merge-Pipeline algorithm outperforms the Max-pipeline
algorithm for TPCH Query 21. Query 21 involves self-joins of the
dLineitem table and the Merge-Pipeline algorithm can utilize the
skip functionality on multiple scans of the Lineitem table. Notice
that the savings are equal until the first pipeline finishes executi
(at around 50%).
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Max-Pipeline vs Merge-Pipeline (Query 21) Sky Server Queries (K = 250)

100.00% 120.00%
90.00% %
80.00% \ 100.00%
70.00% 80.00% -H ]
g gggg:ﬁ: 1 \ +MA)<»Pip.eIin.e g 60.00% |
& 4000% —=— Merge-Pipeline a 40.00% 1|
30.00% \\ //—
20.00% —~—— 20.00% 1 ﬂ
10.00% - 0.00% —— T — T =
0.00% T T T T T T T T 3 6 14 15 18 22 23 28 32 33

10% 20% 30% 40% 50% 60% 70% 80% 90%
SkyServer Query#

Point of Termination

Figure 15. Evaluation on SkyServer Database

The results show that bounded checkpointing is often useful for
5.5 Effect of Budget k real workloads; for nearly half of the queries the PWS is 40% or

In Figure 14, we study how the PWS varies as a functién\dfe more. An important point to note is that queries 22 and 32 are
show results fok = 1000, 5000 and 50000. We use a termination Single pipeline queries with no group-by or aggregations that
point of 50%. While it is clear that the PWS increases select most of the records in the table. For such queries, bounded
monotonically withk, the plots indicate that this is not necessarily checkpointing is unlikely to yield significant benefit.

linear. Depending on the clustering of the data, PWS can grow

sub-linearly withk. Oncek is large enough for subtree caching, 5.7 Summary

the benefits do not necessarily increase proportionately. Further We summarize the experimental conclusions below

as shown by Figure 5, the data clustering could be such that
saving a small number of records clustered together yields most of
the benefit after which we obtain diminishing returns kas
increases. For nearly half the queries, we find that the PNS i
almost the same for all the above valuek. of

Figure 13. Max-Pipelinevs. Merge-Pipeline

There are many cases where bounded checkpointing is
useful (selective predicates, sub-tree caching or
correlation between the predicates and the clustering
column). Such cases are fairly common in the real and
benchmark data sets used in our experiments.

Effect of K Value e Saving even a small amount of records can result in
substantial savings in the restart run if the records are

120.00% chosen carefully.
o Keeping track of previous pipelines while computing
i . eeping track o
80.00% - . - :
2 w00 00/0 ] a ;mz(f_‘;ooooo‘;) the right set of records to save is important, for instance
g 7 h the Merge-Pipeline algorithm is much better than the
40.00% 0 PWS (K=50000) X ! ;
Current-Pipeline algorithm.
20.00%
0.00% k) L ELA O 0 o LI MR [ * The monitoring overheads imposed by our algorithms

during the initial run are low. For most of the queries in
the TPCH suite, the overheads are within 3% of the
query execution times.

N ™ © E \9 \'b( ,(,\ @ Qo
TPCH Query

Figure 14. PWS as a function of k. 6. Discussion and Future Work
Of course, in general with higher values of k, the PWS increases.Thys far in this paper, we have introduced a space of restart plans
For instance, for the K=50000 case, we can save 100% of thepased on the skip-scan operator. Our experiments reported in
work for 5 of the queries (compared to the single query in Figure section 5 show that we can obtain significant benefits by using
10). These resullts (in conjunction with those in Section 5.3) showthe framework we have proposed. In this section, we address

that if we carefully choose the set of intermediate recordawe,  some open issues and while we defer a complete solution to future
applicable.

5.6 Evaluation on SkyServer Database

In this section, we study the effectiveness of bounded ) ) )
checkpointing on real data. We use the publicly available personalOne of the most common operations performed in long-running
edition of the SkyServer database [18]. The query workload decision support queries is group-by and aggregation. The
consists of 32 queries. Figure 15 shows the PWS for all the long@/gorithms proposed in this paper handle this operation like any

running queries from this workload (the termination point is Other operation. For example, if the number of groups output is
50%). small then subtree caching results in the entire output being saved

and reused when the query is restarted. Indeed, we obtain
significant benefits for the TPC-H benchmark queries as
documented in Section 5.

Group by-Aggregation
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However, we have an opportunity to do even better for group-by- saving results produced by operator nodes that can potentially
aggregation in certain cases by saving partial aggregates. Wespill, such as hash join and hash-based group-by. Thus, for the
explain this with an example of streaming aggregation. Consider aexample above, we only save the results produced by the filter
query that computes the expressium (I_extendedpricejver below the hash join and use this to skip appropriately.

the Line_item table. Dur?ng _query ex_ecution, the streaming Resumption with Re-Optimization

aggregation operator maintains a partial sum as a part of its i

internal state. We have an opportunity here to persist the partialVé have assumed in the paper that the query plan used when the
sum when the query is stopped, and during the restart, restore thguery is restarted is exactly the same plan used in the initial
internal state of aggregate operator with the saved partial sum andnedulo replacing table scans with skip-scans. However, since we
skip the part of the table that contributed to the partial sum. Thiscould potentially be skipping large portions of the base tables, we
that saving partial aggregates could potentially let us skip thewhen the query is restarted. For example, suppose that we are

entire work done in the pipeline in the initial run. (For example, SKipping records on the probe side of a hash join. During restart,
TPCH Query 1 as discussed in Section 5.3). fewer records are read from the probe-side table so that ibeay

more efficient to perform an index nested loop join.
Updates
Our main focus in this paper is on long-running decision support 7. RELATED WORK
queries run on data warehouses. Data warehouses are typicallgsyrsors are a common interface for interacting with SQL queries
maintained periodically by running a batch of updates. Therefore, ;nd can be used to iterate over the result of a query. The
it is not unreasonable to assume that the database is static aSyecution can be paused merely by holding on to the current
queries are run. Indeed, the discussion on equivalence of theyrsor position. An alternate approach to pausing execution is to
restarted plan and the orl.glnal plan presented in Section 3-4simply suspend the query execution thread. Neither of these
assumes that the database is not updated between the two runs. approaches releases the resources consumed by the query, which
We now discuss how the techniques presented in this paper can big the goal in this paper.
adapted to the case where the database can change as the queryrisere has been prior work on pausing and resuming

executed. Whenever a query plan (involving multiple pipelines) is yataflows[19][20]. The main technical difference in our approach
stopped, there is a set of pipelines which have not yet starteqs that we focus on regenerating all the results (vs. generating only
execution. Note that if all the relations updated belong to this setinq remaining results) and we use a bound on the amount of state
and are not part of any other pipeline, the restart plan is saved. We note that our techniques can be beneficial in the
guaranteed to be equivalent to the original plan. This observationcgntext of “pause and resume” implementations for pipelines
can be used to check if the restart plan remains equivalent undefyhose root is a blocking operator such as a build phase of a
updates. hybrid hash join. Further, there are many scenarios where the
We can obtain a more comprehensive way of handling updates astop-restart model of execution is more appropriate. For example,
follows. Conceptually, we can think of the saved intermediate a large class of 3-tier database applications is architeotée t
results as a materialized view and maintain them in the presenc stateless — in the event of failures (application crashes, casmect
of updates by leveraging the extensive prior work on maintenanceor SetQueryTimeOut in ODBC), they simply start afresh.

of materialized views [8]. ~We note however that unlike The paradigm of saving and reusing intermediate results has been
materialized views, the state we persist is captured ussigBY  stydied in various settings in prior work including view
generated rid values that are not visible at the SQL level. We management [8], semantic caching [5][9][10], and dynamic query

would need to _ex@end the datab_ase system to introd_uce _th_e nqtio'aptimization [1][6][15]. We now distinguish our paper from each
of systemmaterialized views which are not necessarily visible in f these areas.

SQL.
Q Recall that a stop-restart execution consists of an initial mdraa

Hash Spills restart run. We determine what to save and its corresponding
One important extension to the bounded query checkpointingrestart plan during the initial run and utilize this when the query is
problem is to enable it to handle disk spills [7]. We need restarted. Prior work on answering queries using views and
additional logic to check equivalence of restart plans in the utilizing semantic caches is applicable to the restart phaseewhe
presence of hash spills. Consider an example Hash Join where thwe utilize the state saved to save computation. Our main focus in
build relation is too large to fit in main memory. In this cake, this paper is on the bounded query checkpointing problem that
join spills one or more hash partitions to disk. Assume the query corresponds to the initial run of the query. This is more related to
execution is in the probe phase and we are computing thé best-the view selection problem [1][11][12][16]. The main differences
records to save at the output of the join. A probe side sourcein our setting are that (1) we have a tight bound on the amount of
record for which no match is found in any of the in-memory state we are allowed to save, in contrast with a bound based on
partitions cannot be skipped since we require that all the resultestimated size, (2) the criterion that determines what we isa
records produced by any skipped source record must be saved. the restart of theamequery as opposed to a given workload of
queries, and (3) ours is an online problem — we have to maintain a

While a complete solution for handling spills can be complex, we X
restart plan as the query execution proceeds.

could proceed by using two straightforward methods. One is to
enhance th&indSkippablemethod to incorporate spills. Thus any Techniques for dynamic query re-optimization [1][6][15] attempt
window of records that has records that hash to a spilled partitionto detect sub-optimal plans during query execution and possibly
is regarded as not skippable. An alternate approach is to disallowe-use any intermediate results generated to re-compute the new
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optimal plan. We differ in that (1) if the currently executing plan
is already optimal, then query re-optimization is never invoked.
However, a plan (that is optimal) can still be chosen as arvioti

be terminated and restarted, (2) dynamic query re-optimization
techniques do not typically constrain the number of intermediate

results to save and reuse, and (3) queries are typically re-

optimized by invoking the query optimizer with updated
information. In contrast, we compute a restart plan online as the
query executes.

8. CONCLUSIONS

Resource contention among multiple long running decision
support queries could require the termination of one or more

queries in current systems. However, the work done by these

queries is lost even if they were close to completion. In thisrpape

[6] Dewitt, D., and Kabra, NEfficient Mid-Query Re-
Optimization of Sub-Optimal Query Execution Plans.

Proceedings of ACM SIGMOD 1998.

Graefe, GQuery Evaluation Techniques for Large
DatabasesACM Comput. Surv. 25(2): 73-170 (1993)

Gupta, A., Mumick, I.S.Materialized Views: Techniques,
Implementations, and ApplicatianglIT Press. 1998.

(7]

9]

Haas, L., Kossmann, D., Ursullbading a Cache with
Query ResultsProceedings of VLDB 1999.

[10] Jénsson, B. b., Arinbjarnar, M., borsson, B., Franklin, M. J.,
and Srivastava, D. 200Berformanceand overhead of
semantic cache managemeh€M Trans. Inter. Teclg, 3
(Aug. 2006)

we outlined a Stop-and-Restart style query execution that canl1l Kotidis, Y., and Roussopoulos, BynaMat: A Dynamic

address this problem. In particular, we looked at the bounded
query checkpointing problem and presented algorithms for the
same. Our experiments on a prototype system built by modifying
Microsoft SQL Server 2005 indicate that our algorithms can be an
interesting alternative to outright termination of queries. For many
of the queries in the TPC-H suite, we could provide a significant
benefit for the restart by only saving a small number of

intermediate records.
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