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Abstract of the primary, the backup immediately takes over from the

most recent checkpoint. Process pairs provide singlé-faul
Recently, significant efforts have focused on developresilience and a short recovery time but impose a high run-
ing novel data-processing systems to support a new clasime overhead due to checkpoints (added processing delays
of applications that commonly require sophisticated andand bandwidth utilization).
timely processing of high-volume data streams. Early work Recently there has been significant activity in the devel-
in stream processing has primarily focused on stream-opment of novel data processing engines: stream processing
oriented languages and resource-constrained, one-passngines [1, 2, 4, 5, 15, 18]. The goal of these engines is
query-processing. High availability, an increasingly iotp  to better serve a new class of data processing applications,
tant goal for virtually all data processing systems, is yet t called stream-based applicationsvhere data ipushedto
be addressed. the system in the form of streams of tuples, and queries are
In this paper, we first describe how the standard high-continuouslyexecuted over these streams. These applica-
availability approaches used in data management systemisons include sensor-based environment monitoring (eé tr
can be applied to distributed stream processing. We theffic, air quality), financial applications (stock-price mtami
propose a novel stream-oriented approach that exploitdng, ticker failure detection), asset tracking, and infinas-
the unique data-flow nature of streaming systems. Usingure monitoring (computer networks, bridges).
analysis and a detailed simulation study, we characterize Many stream-based applications are inherently dis-
the performance of each approach and demonstrate thatibuted. Significant gains in scalability and efficiencyica
the stream-oriented algorithm significantly reduces rom@i  be achieved if multiple distributed servers collectivetpp
overhead at the expense of a small increase in recovery timegess and aggregate data streams as they are routed from their
points of origin to the target applications. To this end, re-
1 Introduction cent attention has also been geared toward extending stream
processing engines to distributed environments [5, 7].

High availability is a key goal of virtually all existing ~ 1© achieve high availability in a distributed stream-
data management systems [8, 17, 19, 21]. As critical app“processmg system (DSPS), one needs to devise a set of al-

cations move on to the Internet, providing highly availablegorithmS that perform the following tasks: (1) periodigall
and incrementally save (or replicate) the state of prongssi

services that seamlessly and quickly recover from failures :
is becoming increasingly more important. The standard apDOdeS’ (2) detect failures, (3) choose recovery nodesg4) r

proach to achieving high-availability (HA) involves intro generate the missing state from the saved state when afailur

ducing sparéackupservers that take over the operation of oggurs, and (5) dhandle network partitions. In t;‘is Piﬁf?“ we
primary servers when the latter fail. In this approach, often@9¢'€SS (1) and (4). We propose a new mechaisafii-

calledprocess pairg3, 9], each primary server periodically ciently save _the state of_any processing node in a DSPS and
sends checkpoint messages to its backup. Upon the fa”u(g-gene_rate I Wh_en a failure occurs. . )

We first describe how two process-pair-based algorithms
*This material is based upon work supported by the Nation@n8e  can be adapted to provide high availability in DSPSs: (1)

Foundation under Grant No. 0205445 and 11S-0086057. Anyiops, ; ; ;
findings, and conclusions or recommendations expresseusmtaterial passive Standby Inthis approach, each primary Server

are those of the author(s) and do not necessarily reflectitveswof the  (&-K.a. node) periodically sends checkpoint messages to a
National Science Foundation. backup node. For our purposes, these messages contain
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Figure 2. Query execution in a DSPS: Multiple

_nodes collaborate in solving a query. Each node
the state of each operator and the contents of operator in- ryns a subset of operators

put queues. If the primary fails, the backup takes over from
the last checkpoint; (Zctive standbyln this second variant
of process-pairs, each primary node also has a backup node.

Unlike passive standby, the secondary processes all tirples therefore more th_an justify_ asmall _increase in recovergtim
parallel with the primary. The rest of this paper is organized as follows. We pro-

Given the high volume of data and the high process-Vide some background on stream-processing in Section 2

ing rate found in streaming applications, the overhead Ofe\nd describe the high-availabil_ity proplem in Section 3. We
process-pair-based approaches renders them heavyweingsenF the three approaches in Section 4 and evaluate them
for stream processing systems. We therefore propose 3 Sgcuon 5. We summarize related work and conclude in
new approach, callegpstream backughat exploits the dis- Sections 6 and 7.
tributed and streaming nature of the processing in a DSPS
to reduce the runtime operation overhead while trading of2 Background
only a small fraction of the recovery time performance. In
this approach, upstream nodes (in the processing flow) act A datastreamis a continuous sequence of tuples gener-
as backups for their downstream neighbors by preserving tuated by a data source. Unlike the “process-after-stores dat
ples in their output queues until their downstream neighborin traditional database systems, streaming tuples arergene
have processed them. If any of these neighbors fails, upated in real time and need to be processed as they arrive,
stream nodes replay the logged tuples on a failover node. before being stored. Several recent projects [1, 2, 5] aim to
Figure 1 illustrates the basic differences among the threaddress this fundamental difference and are buildingstrea
approaches. The traditional process-pair approachdsgact processing systems. We use the Aurora data stream man-
and passive standby) typically incur high overhead at runager [1] as our reference model. Our results, however, are
time to achieve short recovery times. The new upstreangeneral and applicable to other stream processing models.
backup approach, in contrast, incurs relatively low rumeti Aurora is a data-flow-oriented system where processing
cost at the expense of longer recovery times. Recovery timds represented by hoxesandarrows paradigm popular in
are in the order of milliseconds for all three approaches. most process-flow and work-flow systems. In an Aurora
We use analysis and a detailed simulation study to quamode, tuples flow through guery-network a loop-free,
titatively characterize these tradeoffs and to compaghtiv directed graph of processing operators (also cabexkes,
evaluate the approaches with respect to the overheads theych as shown in Figure 2. Ultimately, output streams
incur during runtime and recovery. We find that upstreamare presented tapplications Aurora queries are specified
backup significantly reduces runtime overhead comparebly application developers (within applications) or useys b
with both types of process-pair-based approaches. We findneans of a GUI tool. In both cases, queries are built from a
on average, a 95% reduction in bandwidth utilization forstandard set of well-defined operators [1].
high availability purposes. Using upstream nodes as back- Aurora is designed to run on a single server. Aurora*
ups increases recovery time especially compared with acand Medusa [7] are two DSPSs that use Aurora as their core
tive standby. Interestingly, we find that the recovery timesingle-site processing engine. Aurora* and Medusa take
of upstream backup is almost identical to that of passivejueries destined to Aurora and partition them across mul-
standby (both approaches re-transmit tuples from upstreatiple computing nodes and even multiple administrative do-
nodes through a recovery node and re-process on averagins. Figure 2 shows an example of a query distribution
half a checkpoint interval). The gains in runtime overheadhat would occur in a DSPS such as Aurora* or Medusa.



In this figure, multiple streams arrive from various streamany query can be moved upon failure or load re-balancing.
sources. These streams are first processed by a set of ofwvoiding cycles prevents a node from accidently becoming
erators at node®V; and Ni. Streams resulting from this its own backup. Third, the focus of this paper is on tech-
processing are then transmitted to nadlg, and to other niques to save and recover the state of processing nodes. We
nodes. Hence, each node can have multiple output streanesensider failure detection and choice of recovery nodes as
and each output stream can be forwarded to multiple downa separate aspect of high availability that is a researcie iss
stream neighbors. Since messages flow on a path ffipm on its own and is outside the scope of this paper. Fourth,
to V;, IV; is said to beupstreamof N;, and N; is said to  in this initial work, we only address operators that oper-
be downstreanof IV; (same forN, and N;). Eventually, ate on individual tuples; we do not support operators that
tuples enteringV; are processed by operatorsatand re-  require windows or persistent storage. Therefore we sup-
sulting tuples are forwarded to client applications, palgsi portfilter, map andunionoperators from Aurora’s language
on multiple streams. SQUAI [1]. We plan to address the remaining operators in

Streams crossing node boundaries are associated withture work. Fifth, we assume that data sources themselves
output queueswhich are used to store tuples temporarily. are capable of temporarily storing the tuples they produce
Each high-availability approach uses these output queuamtil they receive an acknowledgment from the DSPS.
differently, as discussed further in Section 4. Operatso al

have input queues through which they receive tuples. Thes¢ High-Availability Approaches
gueues are considered to be part of each operator’s state and

are not represented in the figure. In this section, we describe three alternate approaches to
o ) achieve single-fault tolerance in a DSPS. We first describe
3 Problem Description and Assumptions passive standby, an adaptation of the process-pairs mwdel t

stream processing, where the backup server is passive. We

Some streaming applications are more tolerant to failureghen introduce our new algorithm called upstream backup.
than most data processing applications. If some data is lost\e finally describe active standby, the second adaptation of
say in a sensor-based environmental monitoring applieatio the process-pairs models that also relies on some concepts
the application can safely continue most of the time. Otheintroduced in upstream backup. We discuss how each tech-
streaming applications, however, cannot tolerate dat losnique can be extended to support multiple failures. We fi-
requiring that all tuples get processed correctly. Most fi-nally address the issue of duplicate tuple generation durin
nancial applications fall into this latter category. Sugin@  recovery.
such applications hence requires the development and im-
plementation of algorithms for high availability, whereeth 4.1 Passive Standby
system can recover from node failures without lost tuples or
failed queries. The recovery must also be relatively “fast” In this section, we discuss process pairs with passive
as most streaming applications operate on data arriving ibackup and how they can be applied to a DSPS. We call
real time and expect results to be produced in real time.  our adapted approagbassive standby The Tandem sys-

In this paper, we investigate high-availability approache tem [21], which aims at providing nonstop transaction pro-
for a DSPS to survive any single failure without losing tu- cessing, is one example of system that achieves single-faul
plesandwithout stopping the processing of any query. Al- tolerance through process pairs [3, 9]: a primary process is
though we focus on single-fault tolerance, we argue that ouassociated with a backup process that will take over when
approaches are easily extensible to higher degrees of fauhe primary process fails. To keep the state of both prosesse
tolerance and provide hints toward this direction. synchronized, the primary sends checkpoint messages to the

We describe our problem more precisely as follows. Conbackup at critical points during execution.
sider a boxes-and-arrows query-network embedded in an The main advantage of process pairs is a short failure re-
overlay network of nodes connected over the Internet. Eachovery time, achieved by having the backup hold a complete
node N; contains a subset of operators from the query-and recent snapshot of the primary’s state. The main draw-
network. In case of a failure of any nodg, the goal of the  back is the bandwidth required to the periodic transmission
high-availability algorithm is to be able to re-start theeop  of possibly large checkpoint messages. Additionally, is-pa
ators that were running &{; on a live nodelV; and resume sive standby, the primary sends checkpoint messages to the
the processing in a manner that results in no lost tuples.  backupsynchronouslyo ensure state consistency at the ex-

In our analysis, we make the following simplifying as- pense of added delays in normal operations. For instance,
sumptions. First, we assume there are no network partitionshe primary does not commit until the checkpointed data is
Second, we assume that there are no cycles in the distravailable at the backup [19]. It is possible to reduce the
bution of a query-network across nodes. In reality, we carprocessing delays by making the primary and backup run
avoid cycles by prohibiting their creation when queries areasynchronously: the primary does not wait for acknowledg-
first set-up and by constraining the location where parts ofnents from the backup before proceeding past a checkpoint.



This approach, however, may lead to data losses or state in- N N App

Produce tuple

consistencies if the primary fails while sending a checkpoi and store in[—Uples _|Process wple,
message to the backup. output queue P;jgl‘;far;z —ttes
To adapt the passive-standby model to a DSPS, we as- Map output store in outpu Consumd
sociate a standby node with each primary node and handle e s LeY,i‘;&;CK dueues tuples
failures at the granularity of nodes. Each checkpoint mes- receved” | Map output m
sage should thus contain the state of the query-network run- Tim ek | oo "Te‘f;‘.\‘jzdu
ning at a node. This state is captured by: the internal sfate o output L?é?xeagve | '
each operator, the contents of operator’s input queues, and M

the contents of a node’s output queues. To avoid losing any

tuples that are in-flight between two nodes when a failure Figure 3. Overview of inter-node communication in

occurs, output queues should preserve tuples until they hav  upstream backup

been checkpointed and acknowledged by the downstream

nodes. Furthermore, to reduce the size of checkpoint mes-

sages, downstream nodes can acknowledge tupleséiaty . )

they have been processed by the first set of operators, th{@!lS: another node, the failover node, can recrégfs state

completely avoiding checkpointing the contents of their in PY re-processing the tuples logged by and Ny

put queues (except for the identifiers of the latest acknowl- We assume that the description of the network of opera-

edged tuples). tors running at each node is stored in a distributed catalog
The frequency of checkpoint messages, specified by thand the failover node uses the information from that catalog

checkpoint interval determines the tradeoff between run- to re-construct the missing network of operators.

time overhead and recovery time. Frequent checkpoints With this approach, downstream nodes must periodi-

shorten recovery time since less processing needs to be réally inform their upstream neighbors that it is safe to dis-

peated but increase runtime overhead by increasing both tif@rd some logged tuples. We call such notificatiquneue-

bandwidth used to transmit checkpoint messages and tHEmming messagesince their reception results in an up-

processing required to create them. stream node trimming its output queue. The dlfflCU'ty of
When a primary fails, the backup takes over and sends afienerating these notifications is twofold. First, for the ap

tuples from its output queues to the primary’s downstreanProach to scale and provide fault tolerance in the face of

neighbors. Also, the failed primary’s upstream neighborgnultiple concurrent failures (as discussed in Section,4.4)

start sending tuples (including those in their output qspue all notifications must be exchanged only between immediate

to the backup, which starts processing them starting frem thneighbors. Second, nodes must be able to map every tuple

latest acknowledged tuples. When the old primary comeéhey produced to the earliest input tuples that were used to

back up, it becomes the new secondary. generate these outputs tuples (as discussed in Secti@).4.2.
Figure 3 shows three node¥(, IV;, andApp) and a typ-
4.2 Upstream Backup ical communication sequence. When a node produces tu-

ples, it transmits them to its downstream neighbor and store

Given the significant overhead of process-pair-based aghem in its output queue. Periodically, each node acknowl-
proaches, we propose an alternate model that leverages tReges the tuples it receives by sending a level-0 acknowl-
network-flow form of processing to reduce runtime overheactdgment to its immediate upstream neighbor. The reception
at the expense of a small increase in recovery time. of these messages indicates to a node that some of the tuples

In this approachypstream nodes act as backups for their it produced have now been saved at the downstream neigh-
downstream neighborgor instance, in the network shown 0or. The node}; for instance, can then inform its upstream
on Figure 2, nodesV; and N, serve as backups for node neighbor (V;), by sending a level-1 acknowledgment, that
N;. To serve as backup, each node holds tuples in its outpdipe tuples that contributed to producing the acknowledged
queues until all its downstream neighbors have completeljuPles can now be discarded from the upstream neighbor's
processed them. By doing so, if a downstream node fails{ZVi's) output queue. Each node trims its output queue when
any other node can restore the lost state by replaying the titreceives alevel-1 acknowledgment (i.e., a queue-tringmi
ples logged by the upstream neighbors. Tuples are trimme@essage). Leaf nodes in the query-processing graph, such as
(i.e., removed) from output queues once they have been fullyY; in Figures 2 and 3, use level-0 acknowledgments to trim
processed by all downstream neighbarsl tuples result-  their output queues.
ing from that processing have safely been transferred fur-
ther down the network. In Figure 2, nodas and N;, hold
tuples in their output queues uniW; and the other down-
stream neighbors have all safely processed the tuples atle first describe the details of queue-trimming message
have forwarded resulting tuples to the application.Mf  generation and output-queue truncation assuming the exis-

4.2.1 Queue Trimming Protocol



01. repeat forever 01. repeat forever

02. wait to receive arlC' K (0, S, v) from N; 02. wait to receive allC K (1, So, v)

03. down_bound|0, So, N;] — v 03. down_bound[l, N;, S,] = v

04. w «— min{down_bound[0, So, N;] : N; € N} 04. w «— min{down_bound[l, N;, So] : N; € N}}
05. if w > min_downbound|0, S, 05. if w > min_downbound|[1, S,|

06. min_downbound|0, So] — w 06. min_downbound[l, So] «— w

07. VS; € Sinput SUch thag a path froms; to .S, 07. trim output queue faf,

08. up_bound|0, S;, So] — cause((So,w), S;i) up to but excludingnin_downbound|[1, S|
09. x — main{up_bound|0, Si, So| : So € Soutput

10. ifz > min_upbound|0, Si] Figure 5. Queue-trimming algorithm performed by
11. min_upbound|0, S;] «— x each node

12. acknowledgelCK (1, S;, )

Figure 4. Algorithm for generating level-1 acknowl- ) _
edgments also denote withS;[u], tuple v on stream$; and with

(Si,u), the identifier of that tuple. Each node uses
map down_bound|0, S,, N;] to remember, for each output
stream, the latest tuple acknowledged at level-0 by each
tence of a function that determines, for a given node, whictdownstream neighbor, anevin_downbound|0, S,] to re-
input tuples caused the generation of some output tuples. Weember the latest tuple acknowledged by all these neigh-
define this function asause((S,,v), Si) — (Si,u), where  pors. Similarly, to keep track of input tuples for which
S; andS, identify streams, and andv identify tuples onS;  queue-trimming messages can be issued, each node uses
andsS, respectively. Given an output tuple identifigs,, v) mapup_bound|0, S;, S,] andmin_upbound|0, S].
and an input stream identifif;, this function returns the The detailed algorithm for generating level-1 acknowl-
identifier, (5;, u) that marks the beginning of the sequenceedgments in Figure 4 proceeds as follows. When a node
of tuples onS; necessary to regenerdls,, v). We deferthe  receives a level-0 acknowledgment from a neighpifor
discussion of this function to Section 4.2.2. a streamS,,, it updates the value of the last tuple acknowl-
To avoid possible loss of tuples in-flight between edged by that neighbor on that stream (ID@- 03). The
neighbors, nodes generate queue-trimming messages omyde recomputes the minimum value acknowledged across
after tuples have safely been received by all down-ll neighbors for that stream (lir@4). If the value has in-
stream neighbors. Level-0 acknowledgments, denoted witBreased (line®5- 06), the acknowledged tuple is mapped
ACK (0, S;,u), are used to confirm tuple reception at the onto each input strearfi; that contributes to tuples ..
application level. Each node produces an acknowledgmenthe values resulting from these mappings are written in
for every M,, tuples it successfully receives, every; sec-  up_bound (lines07- 08). The actual tuple that determines
onds, or whichever occurs first. Intuitively, a lower ackiow the new trimming bound on each stredfnis the minimum
edgment frequency reduces bandwidth utilization overheacbf all values inup_bound, associated witl$; (lines09- 11).
butincreases the size of output queues and the recovery timgéhe node generates a level-1 acknowledgment (lgfor
We analyze this tradeoff in Section 5. that tuple (as a direct optimization, nodes can also gemerat
When a node receives level-0 acknowledgments from allevel-1 acknowledgments periodically).
its downstream neighbors on all its output streams, it retifi As the upstream neighbor receives level-1 acknowledg-
its upstream neighbors that the effects of processing som@ents, it trims its output queues up to the maximum values
of their tuples have been saved at all downstream neighboracknowledged at level-1 by all its downstream neighbors.
These notifications are called level-1 acknowledgments (deFigure 5 shows the detailed algorithm.
notedACK (1, S;,u)), since using them to trim queues al-  Figure 6 illustrates one iteration of the upstream-backup
lows the system to tolerate any single failure. algorithms on one node. Figure 6(a) shows nadg
Figure 4 shows the pseudocode of the algorithm for genreceiving level-0 and level-1 acknowledgments from two
erating level-1 acknowledgments. Basically, every tiale  downstream neighborsv, and N.: ACK(0,S3,125),
downstream neighbors on a streapacknowledge a tuple, ACK (0, S3,123), ACK(1,S3,50), and ACK (1, S3,55).
the node maps that tuple back up onto the earliest input tufuple S3[50] has thus been acknowledged by both neigh-
ple, on each input stream, that “caused” it. For each inpubors at level-1 and can be used to trim the output queue
stream, the node identifies the most recent tuple whose efFigure 6(b)). TupleS;[123] has now been acknowledged
fect has propagated in such a manoerll output streams by both downstream neighbors at level-G3[123] maps
The node produces a level-1 acknowledgment for that tupleonto input tuples identified wit{.Sy, 200) and (S;, 100)
In this figure, we denote withV the set of down- which can thus be acknowledged at level-1. While pro-
stream neighbors of a node, and Wi}, .+ and Soytput cessing acknowledgments, the node receives tufE8)1]
the sets of all input and output streams respectively. Weand.S;[257] from its upstream neighbors. The node can ac-



1. At each operator bok

N
- :gz;;;;;fg;) N 2. for each output tuple producédS,[v]

cause(®, 123, ) .100) Vi € indicators(b.Si, u)

indicators(b.So,v) < indicators(b.S,,v) U {i}

s — E o |3 VS € bSinpu
S jon— -] 123 || s0 | ] 30 ss\ht 4. get oldesstate-contributing tupléb.S;, u)
= Sy's output queve T 5. if indicators(b.S;,u) = 0
ACK(1,S3,55; . .
St =L cause(§; ,123%, )= .200) ACKEO.ZZJZ)S) 6. indicators(b.S;,u) < {(b.Si,u)}
7.
8.

(a) A node receives acknowledgments from its downstreamhnei
bors, while receiving new tuples from its upstream neigbbér the Figure 7. Algorithm for setting queue-trimming

figure, the filter operator also produces a new tuple. offset-indicators on output tuples, at each box

ACK(0,5%.901) |

ACK(LS 200 . N

S = H@ 8 = for appending and composing indicators. When an operator
ACKE.S,257) omenslaeT ] walt] o f— % pproduces a tuple, it determines the oldest tuple in its input
ACKE5,100 couse (6 0o, )5 g0g) %P 157 queue that has contributed to the state yielding the produc-
> vl bt b tion of the new tuple (line®2- 04). The operator reads

the indicators from the input tuple and appends them to the
(b) The node maps the lowest level-0 acknowledgment redeive  indicators of the output tuple (linés/- 08). The first oper-
(S3,123), onto level-1 acknowledgments on all its input streams.  ators to see tuples initialize their indicators (lir@s- 06).
The node trims its output queue at the lowest level-1 ackedg The last operators to see tuples before they are forwarded
_me_znt received(Ss, 50). The node also places new tuples produced to downstream neighbors (the output operators) keep indi-
in its output queue.

cators in output queues, but they do not send them further

(not shown). Operators with multiple inputs append multi-

Figure 6. One iteration of upstream-backup ple indicators to output tuples, one indicator per input tha
actually contributed to the generation of the tupleor in-
stance, a union operator [1] would only append the indicator
for the stream from which the output tuple was issued.
Applying the causefunction thus consists in reading

knowledge these tuples at level-0, assumig = 1.

4.2.2 Mapping Output Tuples to Input Tuples the set of indicators of a tuple in the output queue: i.e.,
_ cause((So,,v),S:) = {(Sz,y) € indicators((S,,v))
To generate appropriate level-1 acknowledgments fromy — 4}. Due to operators such as union, however it

level-0 acknowledgments, a node must map arbitrary outis possible that there exists a path frafh to S, but
put tuples to the earliest input tuples that contributed tocquse((S,,v), S;)) returns an empty set. In that case, the
their production, i.e., the node must be able to computealue used should be the first non-empty set returned by the
(Si,u) « cause((So,v),S;). Such a mapping is operator cquse function for the tuples precedingon S,.
dependent. For simple operators such as filters or maps, each Operators with low selectivity may unnecessarily delay
output tuple corresponds directly to an input tuple. For opqueue-trimming by producing offset-indicators at a coarse
erators that manipulate windows of tuples or preserve somgranularity. To avoid this problem, these operators may in-
temporary state, the same approach can also be applied hdduceflow tuples(i.e., null output tuples) which are for-
only if the operators are able to identify, at any given time,warded unchanged through all the operators and only serve
the first tuple on each of their input streams required to rethe purpose of reducing the granularity of queue trimming.
generate their complete current state. For a query-networlelow tuples are not forwarded to downstream neighbors.
the cause function must yield theldest(based on a locally Figure 6 shows an example of executing the offset-
assigned sequence number) input tuple that contributes {@dicator management algorithm. In Figure 6(a), the
the state of any operator in the network. filter operator produces tupl§;[500] which corresponds
The mapping is facilitated by appendiggeue-trimming  to the previously received input tupléy[900]. Hence,
offset-indicatorsto tuples as they travel through opera- indicators((Ss,500)) = {(So,900)}. In Figure 6(b), the
tors on a node. For any tuplgs,w) (on an intermedi- union operator processes tupl€s[500] and S;[257] to
ate stream or an output stream), these indicators, denotggtoduceS;[187] and.S3[188] respectively. These tuples are
with indicators((S,w)), represent the set of input tuples, forwarded to downstream neighbors and placed in the output
(Si,u), that cause the production 0§, w): each(S;,u)is  queue. Moreoverindicators((Sz,187)) = {(So,900)}

the oldest input tuple off; necessary to generatw). and indicators((S3, 188)) = {(S1,257)}. Therefore,
When a tupleS;[u] enters a node, its indicators are thus cause((Ss, 188),.5y) = (Sp, 900), cause((Ss,188),51) =
initialized to the tuple itself. Figure 7 presents the aithon ~ (S1,257), and cause((Ss,187),50) = (So,900).



cause((Ss,187),51) depends on the indicators on the where multiple nodes fail concurrently (an error in a recent

tuples precedings. upgrade, a large-scale natural catastrophe, or even an un-
likely coincidence). All approaches described above can be
4.3 Active Standby extended to provide a higher degree of fault tolerance, al-

lowing the system to survive concurrent failures of ugto

Finally, the last approach that we study is a variation ofnodes. We call such resilien&esafety
process pairs but uses some features of upstream backup.To achieve K-safety with passive or active standhy,
We call this approach active standby. Similarly to passivebackup nodes must be associated with each primary node.
standby, each processing node has a dedicated second&gch backup must receive checkpoint messages or must
node. Unlike passive standby, however, secondary nodgyocess tuples in parallel with the primary. To extend the
actively obtain tuples from their primaries’ upstream ieig upstream-backup approach to K-safety, each node must pre-
bors and process them in parallel with their primaries. serve tuples in its output queues until they have been pro-

The main advantage of active standby is its faster recoveessed by< consecutive nodes on dif-length downstream
ery time compared with passive standby. In active standbypaths. To do so, level-1 acknowledgments must be used
when a backup node takes over, it does not need to repett generate level-2 acknowledgments, and so on until a
all processing since the last checkpoint, because it kept pr node receives a levdt- acknowledgment. Only levek ac-
cessing tuples even when the primary was down. This adknowledgments are actually used to trim output queues.
vantage, however, comes at the cost of using extra band- Even with some optimizations, the overhead of high
width for sending input tuples to the secondary and usingvailability grows linearly withK for all approaches: the
extra processing power for duplicating all processing. number of checkpoint messages or the number of acknowl-

In active standby, secondary nodes log the tuples thegdgments is proportional t&'. For the upstream-backup
produce in output queues without sending them. These tunodel, however, the rate of the increase is much lower since
ples are discarded only when the primary node delivers althe basic single-fault-tolerance overhead is low. This ap-
the corresponding tuples to its downstream neighbors. Iproach is thus better suited to achieve higher fault tolezan
the primary fails, the secondary takes over and re-sends the .
logged tuples to all downstream neighbors. 4.5 Duplicate Tuples

Since the primary and secondary may schedule opera- | three approaches may generate duplicate tuples dur-
tor; in a different order,. they might have different Fuplas i ing failure recovery. With passive standby, when the sec-
their output queues. This makes the task of bounding OutPY a1y takes over, it resends all tuples not yet acknowlédge
queues at the sec_o_ndary partlc_ularl_y difficult. We tackie f[h at the moment of the last checkpoint. Since the primary
problem 'F’y explqtmg queue-trimming oﬁset-md_matans I could have failed after sending these tuples, they might be
troduced in Section 4.2.2. When a primary receives a Ievelfeceived twice by downstream nodes. Duplicates, however,

0 acknowledgement from all its downstream neighbors or, o yiyial to eliminate using the tuple identifiers, becathe
a stream, it extracts the offset-indicators from the acknow tuples are exactly the same as the original ones

edged tuples and uses them to compose a queue-imming o, upstream backup, duplicate elimination is somewhat
me_ssagéor the secondaw_nodeWher_\ the_ secondary ré- o6 involved. When a failure occurs, the backup node re-
ceives that message, it retrieves thetrlmmmg bound fdn eacprocesses all tuples logged in the output queues and pro-
output queue and discards the appropriate tuples. _duces new tuples. These new tuples have the same content
We use the example from Figure 6 to illustrate active,q e griginal ones, but they may appear in a different order
sta_ndby. WhenACK(Q, 5s,125) and ACK(O’ 53,123) Duplicate elimination is therefore most easily performgd b
arrive, nodeN,, determines thaf3[123] is how acknqwl- the client itself in an application-specific manner. We db no
edged at level-0 by both downstream neighbors. Since tuzyqress duplicate elimination in this paper.
ple 55(123] maps onto input tuples identified witl$, 200) Active standby also does not guarantee that primary and
and (51, 100), the set of identifier{(So, 200), (S51,100)}  gecondary nodes are always in exactly the same state. Al-
is added to the queue-trimming message as the entry valyg, ,uh hoth the primary and secondary nodes process tuples
for Ss. Wr_\en_ the secondary receives the queue-trimming, parallel, they may schedule operators in a differentorde
message, it discards tupleqfrom the output queue corre- During recovery, the active-standby approach may theeefor

sponding to S3) for which botluuse((.53, u), So) returns a generate duplicate tuples, as in the case of upstream backup
tuple older thar(Sy, 200) andcause((Ss, 1), S1) returns a

tuple older thar{.51, 100).
5 Evaluation
4.4 K-safety
In this section, we use analysis and simulation to evaluate
Tolerance to single failures significantly increases theand compare the basic runtime overhead and recovery-time
availability of a system. However, circumstances may aris@erformance of the three high-availability approaches.



[ Parameter | Meaning | Value | [ Parameter | Values | Defaulf
Stream Rate (tu- # of tuples generated by a stream500 Selectivity 0.2,0.4,0.6,0.8,1.0 1.0
ples/sec) source per sec. Q. Tr. Interval (millisec.) 10, 20, 40, 60, 80, 100 10
Tuple Processing Time for an Aurora box to process 10 Checkpoint Interval (millisec.) | 10, 20, 40, 60, 80, 100 10
Cost (microsec.) one tuple
Tuple Size (bytes) | Size of a tuple 50 Table 3. Parameters values used in simulations
Tuple Identifier Size| Size of a tuple identifier 8
(bytes)

Selectivity For each box the expected value pfvariable 110;

# of output tuples emitted
# of input tuples consumed

Network Delay (mil-

Network link latency between any 5

-8~ Passive Standby
—A- Active Standby
—*— Upstream Backup

lisec.) pair of nodes S04l
Network Bandwidth | Bandwidth between any pair of 8 g
(Mbps) nodes £
Failure  Detection| Delay to detect the failure of a nodg 100 %“’0’,
Delay (millsec.) 2 8f
Failure Duration | Time for a failed node to recover 100 § 6
(sec.)

IS

Time interval between consecy- variable
tive queue-trimming messages (up-
stream backup, eager standby) ®%% 20 a0 40 50 6 70 80 90
Time interval between consecutive variable Communication Interval (ms)

Queue-Trimming In-

terval (millisec.) 2

100

Checkpoint Interval

(millisec.) checkpoint messages (process-pair)
. . Figure 8. High-availability overhead for various
Table 1. Simulation parameters L s
P queue-trimming or checkpoint intervals. The 8%
[ Measure [ Meaning | to 100% range on the y-axis is removed for clarity.
Processing Time difference between the moment an output tu-

Delay (millisec.) | ple t was produced and the moment the earliest|tu-
ple that contributed to generating t was produced.
Time interval between the detection of a failure and
the reception of the first non-duplicate tuple by|a
node (or application) downstream from the failurg.
Time interval between the detection of a failure and
the moment when the tuple end-to-end processing

delay returns to the pre-failure value.
fotal data transferred for high availability
total data transferred for tuple processing

Partial Recovery
Time (millisec.)

operator with a single output stream. Table 3 summarizes
the parameter values used for this micro-benchmark. We
measure the overhead during normal operation.

The main component of overhead is the bandwidth re-
quired to transmit checkpoint or queue-trimming messages.
Output queues also contribute to overhead, but since queue
sizes and bandwidth utilization are inversely proportlona
and are both determined by queue-trimming intervals, we
focus our overhead analysis on bandwidth utilization only.
Longer output queues also translate into longer recovery
times which we analyze in the following section.

Figure 8 shows the relative high-availability overhead for
each approach when all parameters have their default val-
es and selectivity is 1.0. The y-axis represents the over-
ead computed as the ratio (%) of bandwidth used for high
vailability purposes over the bandwidth used without high
J;lvallablllty Since the overhead increases with incregasin
checkpoint or queue-trimming-message frequency, we com-
pute the overhead for variow®mmunication intervalgx-
axis) between such messages. The figure shows that passive

nd active standby incur almost the same overhead (100% to
im%), which is significantly greater than that of upstream
ackup (less than 10%).

These results can be explained as follows. Since the
node runs a single operator, for passive standby each check-
point message contains the set of tuples produced in the last
checkpoint intervall/; as well as the identifier of the last

We first compare the overhead of the approaches usintyple acknowledged by all downstream neighbors (i.e., the
a simple scenario, where the system consists of only twdnead position in the output queue). Therefore, all tuples pr
nodes, one upstream from the other. Each node runs a singlieiced are transferred to the backup creating a 100% over-

Full  Recovery
Time (millisec.)

Relative HA

Overhead

Table 2. Measured statistics

5.1 Simulation Environment

We built a detailed simulator modeling a distributed
stream-processing environment. The simulator, |mple
mented using CSIM [16], models (1) stream sources th
continuously generate tuples and inject them into the sys-
tem, (2) processing nodes on which operators, specified
part of query networks, process tuples and produce new t
ples, and (3) client applications that act as tuple sinkshEa
experiment was run for five simulation minutes for warm-up
and another 10 simulation minutes for statistics collectio
Unless indicated otherwise, each point shown in a figure i
an average result of 25 independent simulation runs. Tabl
1 and 2 summarize the simulation parameters and the m:Q
sured statistics that we use as metrics, respectively.

5.2 Basic Runtime Overhead



head. The additional overhead is due to the transmission of 40 5 Fassive Standby
the head positions (from primary to secondary) and input- A Active Standby
tuple acknowledgements (from primary to upstream node). 2% X Upsteam Backup
Both are generated eveiy, seconds. Assuming thatis

the size of tuple identifiers used for head positions and ac-
knowledgements, the total overhead is then:

AeM + 2z 2x
B assive_standby — —~ a5 — =1 =1 — (1
» tandby XM, Ty, T AM @)

A
AN
Recovery
®) %
where ¢ is the tuple-size and is the tuple arrival-rate. 40} D
AcM is the byte-wise amount of tuples received and pro- ‘ Failure Full
duced during the time-interval/,. A shorter checkpoint 20¢ Detection RECWGM
. . . A x A sxa O (R)
interval, thus increases overhead by sending queue head-
positions and acknowledgements more frequently. %5 0 5 0 5 10 105 120
In active standbyinputtuples sent to the primary are also Time (me)
sent to the backup, causing a 100% overhead in bandwidth
utilization. Additionally, everyM, sec a queue-trimming
message is sent from primary to secondary and acknowl-
edgements are sent from both primary and secondary to the
primary’s upstream neighbor. Active-standby’s overhesad i
thus just a little over that of passive standby for the sdenar . . _ _
simulated (one extra x-byte identifier sent evéfy sec). The duration of partial recovery is determined by three
In contrast, in upstream backup, only one level-0 anda_ctors: (1) the time to re-create the query network of the
one level-1 acknowledgement, per stream crossing a nod@iled node, (2) the delay, before the first recovered tuple

boundary, are sent evefy, seconds. The overhead is thus: reaches the node downstream from the failure, and (3) the
9 N amount of time it takes to re-generate and re-transmit all du

Bupstream_backup = ML ML (2)  plicate tuples. For (1), we assume that the time is included
cM AM
in the failure detection delay. For (3), we assume that tu-
The key advantage of upstream backup is therefore to avoige processing is much faster than tuple transmission. The
sending duplicate tuples to backup nodes. partial recovery time is thus given by:

5.3 Basic Recovery Time
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Figure 9. Dynamics of failure-recovery. The time
interval between 0 msec and 100 msec on the x-
axis is shortened for clarity.

(3)
We now consider the time to recover from single failures.
We use the same network configuration as above: one nodehereq is the number of duplicate tuplesis the tuple size;
upstream of one other, each node running one operator. W&d B is the network bandwidth.
simulate the failure of the downstream node and the recovery For upstream backup is the sum of (i) the transmission
of the failed piece of Aurora network on a third spare ndde. delay from upstream node to recovery node, (i) the process-
We analyze the end-to-end tuple delay during failure andng delay at the recovery node, and (jii) the transmission de
recovery and measure the recovery times (as defined in T42y from recovery node to destination. For active standby,
ble 2) of each approach. Figures 9 and 10 present the resul only (iii), because the backup node keeps processing tu-
obtained. In Figure 9, each point represents a tuple: the xPles while the failure is being detected. For passive stgndb
coordinate indicates the time when the application reseiveX can be either the same as active standby or the same as
the tuple, with the failure occurring at time 0 sec. The y-upstream backup, depending whether the primary failed be-
coordinate represents the end-to-end processing delag of t fore or after transmitting its output tuples.
tuple. Using active standby as illustration, the figure also For upstream backup and active standby,is deter-
summarizes the main parameters of recovery. When a faimined by the queue-trimming interval and by network de-
ure occurs, it take) msec before the failure is detected lays. Since level-0 acknowledgements are generated every
(100 msec in the simulation). Once recovery starts, it taked/s seconds, there are on averalgg® un-acknowledged tu-
P msec, the partial recovery time, for the application to re-ples. Even ford/; = 0 there is a constant delay between
ceive the first non-duplicate tuple. It tak&msec for the tuple production and the reception of their level-0 ackrow!

end-to-end tuple delay to go back to its value before failureedgements. With & sec network delay, & tuples/sec ar-
At that point, the recovery is fully completed. rival rate, and assuming level-1 acknowledgements are trig

gered by level-0 acknowledgements, the average number of
duplicate tuples in output queues is thus:

1in passive standby and active standby, when a node failsjuiésy-
network is recovered on a pre-assigned backup node. Inegpstbackup,
recovery can be performed on any node. For fairness, we eltoascover M A
on a spare node as well. Q= ——+2dX 4
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Figure 10. Impact of increasing communication in-

terval on full recovery time Figure 11. Tradeoffs between relative HA overhead
and full recovery time

For passive standby, if the primary fails after sendingitls 0 [ #boxes (1.0 selectivity)] 1 4 9 16 25

put tuples, all tuples re-processed since the last chewkpoi overhead (%) 106.3] 1094 | 1124 ] 115.7 | 1187

are duplicates. Henc€) is approximately*.s2 on average. selectivity (25boxes) | 10 | 08 | 06 | 04 | 02
The results confirm that active standby has the shortest—2verhead (%) 1185] 988 | 783 | 571 | 332

partial recovery time~£ 4 msec) and upstream backup has
the longest{ 9 msec). The results presented in that figure
show exactly one run. In that experiment, when the fail-
ure occurred, the output queue of the backup node in pas-
sive standby contained non-duplicate tuples making partia
recovery the same as that of active standby.

Once a failure is detected, tHall recovery timeis the -
o L to 12 msec for a query network consisting of one operator.
amount of time it takes for the output-queue draining pro-

cess to catch up with the queue-filing process. Roughly, thThe increase is even smaller compared with passive standby

. o ?11 msec to 12 msec only). If we include the failure de-
output queues are drained at network transmission spged (tection delays, which are significantly longer, the added re
tuples/sec) and are filled up attuples/sec. The difference yS, g y longer,

) covery time becomes negligible: the total recovery inogsas
between the two values determines the slope of the CUNVe: 108 to 112 msec. On the other hand upstream backup

Hence, the full recovery time is determined by the detection . . o d
delay (and whether tuples are processed or accumulated durre__duces runtime overhead k.)y approximately 95% compare
ing that time), the partial recovery time, and the slope ef th with both approaches. It is _therefore the only approach
recovery curve. that makesllt posmbl_e to achieve good recovery-time per-
: . . formance with a relatively small overhead.

Figure 10 shows the full recovery time (y-axis) of each ) o
approach for various queue-trimming or checkpoint inter-2-4  Effects of Query-Network Size and Selectivity
vals (x-axis). As the communication interval increasgs, Table 4 shows the impact of varying the number of op-
increases, lengthening the partial recovery tifiand thus  erators and operator selectivity on the overhead of passive
the full recovery time. More importantly, when the com- standby. The overhead of the other approaches is indepen-
munication interval is doubled, the runtime overhead of updent of these factors. Boxes had a fanout of 1 (i.e, each
stream backup is halved (Figure 8), but its recovery timebox had a single output arc) and were placed such that the
(Figure 10) increases only linearly. For instance, whén  query network had roughly the same width and depth. As
increases from 40 msec to 80 msec, the overhead dropse number of boxes increases, passive standby consumes
from 2% to 1% while the recovery time increases only frommore bandwidth and quickly exceeds the overhead of active
12.5 msec to 14 msec). For the other approaches, recovegyandby (crossing point is at four operators in the simula-
time also increases linearly with the communication inter-tion). Indeed, in passive standby, each checkpoint message
val, but the overhead remains roughly constant above 100%ncludes the content afachoperator’s input queue and the

Finally, Figure 11 summarizes the tradeoffs between runnode output queues. In active standby, in contrast, only du-
time overhead and recovery time. Each point on a curve complicateinputtuples are sent to the backup.
responds to a different communication interval. The figure Unlike the other approaches, passive standby is able to
shows that, compared with active standby, upstream backugxploit operator selectivity, incurring lower runtime ove
increases failure-recovery time approximately from 8 msedead with decreasing selectivity. Since passive standby do

Table 4. Impact of query-network complexity on
passive-standby overhead. The overheads of ac-
tive standby and upstream backup remain constant
at 110% and 6% respectively
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= Fasse Sandhy in all configurations. Its recovery-time performance is seor
1600 S Cnaream aneup than that of active standby but similar to that of passive
standby. In all cases, recovery is however dominated by fail
ure detection. In our experiments, actual recovery dumatio
are in the order of 10s msec whereas failure detection is in
the order of 100s msec. Increasing detection and recovery
from approximately 105 msec to 115 msec makes the recov-

ery overhead incurred by upstream backup almost negligi-

14001

12001

10001

@
S
S}

Normalized Network Utilization (%)

200l ble.
. e For each approach, the tradeoff between overhead and re-
O ey ey covery time can be somewhat adjusted by varying the com-
munication intervals between nodes. Since overhead is in-
Figure 12. Tradeoffs between distribution overhead versely proportional to the communication interval wherea
and recovery time recovery time is directly proportional to it, a value at the

knee of the overhead/recovery-time curve is a good tradeoff

. . : : 6 Related Work
not include input queues in checkpoint messages, tuples

dropped due to selectivity never appear in checkpoints, thu Recently, there has been much work on data-stream pro-
lowering the overhead. cessing (e.g., [1, 4, 5, 18, 20]). In addition to Aurora, whic
Independently of configuration, though, the overhead ofve discuss in Section 2, NiagaraCQ [6], STREAM [18] and
upstream backup is significantly lower than those of theTelegraphCQ [5] are also building general purpose stream
other two approaches. processing engines. Although we discuss our approaches in
. the context of Aurora, our basic findings are general.
5.5 Eiffects of Query-Network Distribution More recently, there have been proposals that extend
Finally, Figure 12 shows the increase in bandwidth uti-single-server stream processing systems to distributetd mo
lization (y-axis) as a query network of 100 boxes is spreackls and environments. The fundamental idea behind Aurora*
across increasing numbers of primary nodes (4, 16, 36, 64nd Medusa [7] is to transparently partition the logical Au-
and 100). The overhead is normalized by the bandwidthiora processing network into multiple sub-networks and ex-
used by upstream backup with 4 nodes. The figure alsecute them on distributed machines to increase system scal-
shows how distribution decreases recovery time (x-axis)ability, robustness, and performance.
since any failure requires recovering a query network with  This paper discusses approaches for enhancing the avail-
fewer operators and fewer input queues. We recovered failedbility of DSPSs such as Aurora* or Medusa. High avail-
guery-networks on spare backup nodes for active standbability has traditionally been achieved using two basittec
and passive standby, but on randomly chosen live nodes fariques. In the first approach, often called process pairk, mu
upstream backup, making the comparison unfavorable to thégple copies of the same data are stored on disks attached
latter (resulting in slightly longer recovery times). to separate processors. When one copy fails, another takes
Upstream backup gains most from distribution: small-overs. Examples of this approach include mirrored disks
est bandwidth utilization increase (maximum 9008 (e.g. Tandem) [21], interleaved de-clustering, and chdine
1800% for active standby) for largest recovery time de-de-clustering [11]. In the second approach, which is not di-
crease (36 msec down to 7 msec). Indeed, for the processectly applicable to a DSPS, data and corresponding error
pair based approaches, any additional node requires up ttetection/correction information are spread across ayarr
twice as much bandwidth as one additional node in upstrearof disks [10]. When errors are discovered, this redundant
backup. Active standby does not benefit from distribution ainformation is used to restore the data.
all since recovery does not involve re-processing. For the Similarly to other data management systems [8, 17, 19],
other two approaches, distribution helps most when the loachany commercially available workflow systems [12] rely on
is high: when going from 4 to 16 nodes, full recovery is re-redundant components to achieve high availability. A vari-
duced from 36 msec to 15 msec for upstream backup andtion of the process-pairs approach is used in the Exotica
from 23 msec to 12 msec for passive standby. workflow system [13]. Instead of backing up process states,
In conclusion, the evaluation shows that active standbyexotica logs changes to the workflow components, which
incurs by far the highest overhead of all the approaches, budtore inter-process messages. This approach is similar to
at the benefit of short recovery times. Passive standby indpstream backup in that the system state can be recovered
curs a somewhat lower overhead, but the overhead of thdtty reprocessing the component backups. Unlike upstream
approach is more difficult to predict as the effects of numbebackup, however, this approach does not take advantage of
of operators and selectivities on overhead are opposite. Ughe data-flow nature of processing, and therefore has to ex-
stream backup is by far the lightest of all three approacheglicitly back up the components at remote servers.
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The DR scheme [14], which efficiently resumes failed A new model and architecture for data stream management.
warehouse loads, is similar to upstream backup. Instead of The VLDB Journal: The International Journal on Very Large
offset-indicators, DR uses output tuples and properties of2 Data Easelftos appebar, sep 2003. and ”
operators to compute, during recovery, the trimming boundg?] B Babcoc ; 5. Babu, M. Datar, R. Motwani, and J. Widom.

. . Models and issues in data stream systemsPrbt. of 2002
on input streams. In contrast to DR, our scheme supports in- : e
L . - . ACM Symposium on Principles of Database Systems (PODS
finite inputs by trimming output queues at runtime. We also 2002) June 2002

support failure recovery at the granularity of nodes indtea [3] J. Barlett, J. Gray, and B. Horst. Fault tolerance in Temd
of the whole system. We do not require that input streams  computer sytems. Technical Report 86.2, Tandem Computers,

have any property such as order on some attribute. Mar. 1986.
] [4] D. Carney, U. Cetintemel, M. Cherniack, C. Convey, SelLe
7 Conclusions G. Seidman, M. Stonebraker, N. Tatbul, and S. Zdonik. Moni-

M . d licati L itical toring streams: A new class of data management applications
any strean_1-onent§ c’_:l_pp |cat|on§ are mlss_lon critica In Proc. of the 28th International Conference on Very Large
and demand high availability. Previous work in stream-  pata Bases (VLDB'02)Aug. 2002.
processing has focused on performance and language ig5] S.Chandrasekaran, A. Deshpande, M. Franklin, and JeiHel
sues, ignoring equally important issues that revolve afoun stein. TelegraphCQ: Continuous dataflow processing for an
achieving high availability. This paper presents an ihitia uncerta.ln world. IrProc. of the First Biennial Conference on
step toward high availability in stream-processing system Innovative Data Systems Research (CIDR'08h. 2003.

P 9 y . P g y ;6] J. Chen, D. J. DeWitt, F. Tian, and Y. Wang. NiagaraCQ: A

We have argued that the streaming characteristics of ou .

d licati . b fi scalable continuous query system for Internet databages. |

_target systems and app |cat|(_)ns raise a_num ero |nteres_t- Proc. of the 2000 ACM SIGMOD International Conference
ing challe_nge_g and opportunities. We discussed how tradi- oy, Management of Datéay 2000.
tional availability approaches can be adapted to distitbut [7] M. Cherniack, H. Balakrishnan, M. Balazinska, D. Carney
stream-processing environments. We also described a new U. Cetintemel, V. Xing, and S. Zdonik. Scalable distrituite

stream-oriented approach that leverages the data-flowenatu ~ stream processing. IRroc. of the First Biennial Conference
of distributed stream processing. on Innovative Data Systems Research (CIDR'08j. 2003.

We compared our approaches using analysis and simu[_8] E. Cialini and J. Macdonald. Creating hot snapshots and
standby databases with IBM DB2 Universal Datatase

lation across a variety of configurations. Our results quan- V7.2 and EMC TimeFindéf ™. DB2 Information Manage-

titatively characterized the runtimg VS. recovery-timemv ment White Papers, Sept. 2001.
heads of the approaches. In particular, the results redeale[9] J. Gray. Why do computers stop and what can be done about
that while traditional approaches can be effectively uged t it? Technical Report 85.7, Tandem Computers, June 1985.

achieve low recovery times, exploiting the natural flow of [10] J. Gray, B. Horst, and M. Walker. Parity striping of dat
data can significantly reduce runtime overheads (at the ex- '@ys: Low-cost reliable storage with acceptable throughpu

pense of a small increase in recovery times). We believe that gagl())ac.s;j_égg 16 International Conference on Very Large
given the continuous and network-centric nature of streamg1] H..|. Hsiao and D. DeWitt. Chained Declustering: A new

processing applications and the ever-improving hardveare r availability strategy for multiprocessor database maghin
liability factors, protocols that optimize for runtime nsesg)- In Proc. of 6th International Data Engineering Conference
ing overhead will be increasingly more desirable. pages 456—465, 1990.

There are several immediate directions for future rell12] 1BM Corporation. IBM WebSphere V5.0: Performance,lsca
search. First, we plan to provide support for more complex ability, and high availability: WebSphere Handbook Series
operators that include windows qnd pers_istent storage. S_eﬁ3] laszﬁgt%?ké?%%ﬁgg?'R_ Guenthor, and C. Mohan. Pro-
ond, we plan to address the choice of failover nodes, which " yiging high availability in very large workflow management
is a non-trivial problem as solutions need to take into ac-  systems. IrProc. of 5th International Conference on Extend-
count potentially conflicting goals such as balancing load  ing Database Technology, Avignon, March 199®896.
and preserving query locality. Finally, we plan to implemen [14] W. Labio, J. L. Wiener, H. Garcia-Molina, and V. Gorelik
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