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Abstract

Most data stream processing systems model their inputs as append-only
sequences of data elements. In this model, the application expects to receive
a query answer on the complete input stream. However, there are many sit-
uations in which each data element (or a window of data elements) in the
stream is in fact an update to a previous one, and therefore, the most re-
cent arrival is all that really matters to the application. UpStream defines a
storage-centric approach to efficiently processing continuous querces
such an update-based stream data model. The goal is to provide the most
up-to-date answers to the application with the lowest staleness possible. To
achieve this, we developed a lossy tuple storage model (called an “update
queue”), which under high load, will choose to sacrifice old tuples inrfavo
of newer ones using a number of different update key schedulingstiesr
Our techniques can correctly process queries with different typesaains-
ing operators (including sliding windows), while efficiently handling large
numbers of update keys with different update frequencies. We praskn
tailed analysis and experimental evidence showing the effectiveness of o
algorithms using both synthetic as well as real data sets.
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1 INTRODUCTION

1 Introduction

Processing high-volume data streams in real time has bekall@rge for many
applications including financial services, multi-playatioe games, security mon-
itoring and location tracking systems. Various load manag techniques have
been proposed to deal with this challenge from dynamic |@dazing to adaptive
load shedding. Most of these techniques are best-efforatara and rely heav-
ily on application-specific resource allocation and systgimization techniques
based on Quality of Service (QoS) specifications. In Up&treme also deal with
the load management problem for real-time streaming agjmbics and take an
application-specific approach, but focusing on a diffepmoperty essential to a
common set of applicationsipdate semantics.

Most data stream processing systems model their inputs@Endpnly se-
guences of data elements. In this model, the output strelzemsite delivered to
the end-point application are also interpreted as appehg-and therefore, the
application expects to receive a query answer on the coaplptit stream. How-
ever, there are many situations in which each data elemeat\fandow of data
elements) in a stream in fact represents an update to a pseviee, and therefore,
the most recent arrival is all that really matters to the impgibn. For example,
a stock broker watching a continuously updating market ll@afd might be in-
terested in theurrent market value of a particular stock symbol. Similarly, in a
facility monitoring system, one might like to watch for thatest 5-minute average
temperature in all rooms. In such applications with updataantics, the primary
goal is to provide the most up-to-date answers to the aggicavith the lowest
staleness possible, as opposed to streams with append semanticse ptosiding
all answers with the lowest possilikency is more important.

Latency and staleness are related, but different qualityicse Latency for a
data element captures the total time that it spends in thersy&ueue waiting
time + processing time) before it is made available to th@wiapplication, and
therefore, is a quality metric that is attributed to indivéd output tuples. On the
other hand, staleness is a metric that is attributed to theubas a whole and
is determined by subsequent input arrivals that affectabgiut. An output will
have zero staleness as long as it reflects the result thaspamds to the latest
input arrivals. However, as soon as a newer arrival occswiould invalidate
that result, the staleness of that output starts going up.

Under normal load conditions where the system can keep theepsing up
with data arrival rates, staleness is a direct result ohtateln this case, staleness
of an output can be minimized by minimizing the latency obitgput tuples. For
this reason, append and update semantics in effect produtargesults for the
application. However, under overload, the situation i$edént. In this case, if
no load is shed, latency for a stream monotonically growd,sandoes its stale-
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1 INTRODUCTION

ness. For streams with append semantics, various loadislgge@dhniques have
been proposed to deal with the latency issue. These tedmsiggecessarily re-
sult in inaccurate query answers, and the focus has therb&®n on minimizing
the degree of this accuracy loss. However, none of thesaitpeds take up-
date semantics into account, and therefore can not ens@wereage in staleness.
Furthermore, accuracy loss is not a significant issue foliGgins with update
semantics since they are not interested in receiving aNahees anyway. In this
respect, update streams naturally lend themselves to heitisng. What is miss-
ing is a framework that ensures that this is done in a systemaly to directly
minimize staleness.

UpStream definesastorage-centric framework to efficiently processing con-
tinuous queries under an update-based stream data mod#isossed above, the
primary goal is to provide the most up-to-date answers t@gpication with the
lowest staleness possible at all times. To achieve this,eveldped a lossy tuple
storage model (called an “update queue”), which under logd,lwill adaptively
choose to sacrifice old tuples in favor of newer ones. Oumtiecte can correctly
process queries with different types of streaming opesatehile efficiently han-
dling large numbers of update keys with different updatgquexcies. In addition
to theoretical analysis results, we also present expetahewidence showing the
effectiveness of our algorithms via a practical simulatagpam as well as via an
implementation on top of a data stream management systdotypwe using both
synthetic as well as real datasets.

To summarize, UpStream makes the following contributions:

e a new update-based data stream processing model,

e a storage-centric load management framework for updag¢arss based on
update queues,

e techniques for minimizing application staleness for noifarm update key
distributions and sliding window queries, and

e theoretical and experimental performance analysis.

The rest of this report is organized as follows: We first summeahe related
work in Section 2. In Section 3, we describe the basic modafsassumptions
that provide the context for the research problem that weadd¥essing. Sec-
tion/4 introduces our storage-centric load managementewark which divides
the problem into three orthogonal components, which we #ugtess in the fol-
lowing sections: Section|5 focuses on the problem of minimgistaleness by
frequency-sensitive update key scheduling; Section 7s2ri#es how we can ex-
tend these techniques to queries with sliding windows in yt@ansure correct-
ness and low-staleness, while using the memory efficieAttietailed description
of the underlying memory management mechanisms is prowdsection 7. Our
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theoretical and experimental analysis results are predextbngside with the cor-
responding techniques that we propose. Finally, we coealith a discussion of
future work directions in Section 8.

2 Related Work

We summarize related work in three categories. First, wepasenour work
against the directly related work in stream load managemé&hen we look at
two other non-streaming contexts, web database synclatomzand materialized
view maintenance, where reducing staleness for updates$mbeen a concern.

Stream load management.The existing work in stream load management
treats streams as append-only sequences and therefose$oaainly on mini-
mizing latency. Two classes of approaches exist. The fiestsclocuses on load
distribution and balancing, while the second class focasdead shedding. Load
distribution and balancing involves both coming up with adanitial operator
placement (e.g., [21]) as well as dynamically changing plasement as data ar-
rival rates change (e.g., [6], [22], [12]). In general, nmayload is a heavy-weight
operation whose cost can only be amortized for sufficienthglduration bursts in
load. For short-term bursts leading to temporary overlé@at] shedding is pro-
posed. In load shedding, the distribution of operators timéoprocessing nodes
is kept fixed, but other load reduction methods (e.g., drogratprs, data sum-
maries) are applied on the query plans which results in aqupede answers(e.g.,
[18], [5], [15], [20], [17]). All of these techniques focus®n reducing latency
for applications with append semantics, and none of themigied storage-based
solutions.

Synchronization and freshness in web database€ho and Garcia-Molina
study the problem of update synchronization of local copiesemote database
sources in a web environment [8]. The synchronization isesxel by the local
database polling the remote one, and the main issue is tondatehow often and
in which order to issue poll requests to each data item inrd@enaximize the
time-averaged freshness of the local copy. In our problgrates from streaming
data sources are pushed through continuous queries tdigehasynchronize the
guery results. Since the exact update arrival times are kRnthws gives our algo-
rithms direct control for synchronization. In a more recantk by Qu et al, two
types of transactions for web databases have been cortidgrery transactions
and update transactions [14, 13]. The former must meetitiess requirements
based on a deadline, while the latter must meet freshneageatgnts based on
a threshold defined in terms of the number of unapplied updateuser satis-
faction metric is defined that combines the two, which neediset maximized
using an adaptive load control scheme that performs adonissintrol for query
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transactions and update frequency modulation for updatesaictions. The up-
date transactions in this line of work have a very similar getics to our update
streams. The major difference of our work is due to our pused processing
model: we do not separate query and update transactionsatter, consider
updates and queries as part of a single process due to theuwmrg query se-
mantics. Finally, Sharaf et al propose a scheduling pobeyrfultiple continuous

gueries in order to maximize the freshness of the outpuastsedisseminated by
a web server [16]. This work only focuses on filter queriesrti@rmore, it is

assumed that occasional bursts in data rates are shoratedrall input updates
are eventually delivered (i.e., append semantics). In aukwve focus on up-
date semantics, where delivering the most recent resulvenlaad scenarios is
the main requirement.

Materialized view maintenance.Previous work on materialized view main-
tenance, done within the context of real-time databasesysin particular, has
close relevance to our work. The STanford Real-time Inforome®rocessor (STRIP)
separates view imports from view exports. In this modelhldbe base data as
well as the derived data materialized as views must be fefckas updates are
received (view import). Furthermore, read transactionbath the base data as
well as materialized views must also be executed, with fipeeadlines (view
export). As in web databases, this separation createseoffdzbtween response
time for read transactions and freshness for update traosac Adelberg et al
proposes scheduling algorithms for efficient updates oe bata/[2], as well as
on derived data [3]. The focus of the former work is on tratisagriority poli-
cies taking advantage of different importance values ftiedint data objects as
well as arrival rate differences for update requests vsd reguests. The focus
of the latter work is on exploiting update locality by bateofpirelated updates into
a single recomputation on the view so as to deal with the hagt of applying
recomputations on derived views. Kao et al further exteedetworks by propos-
ing scheduling policies for ensuring absolute and relggweporal consistency to
increase the number transactions that meet their deadlifgs

3 Problem Context

In this section, we describe the basic models and assunspi@t underlie our
work and define the research problem we are addressing.

3.1 Data Model

We model data streams as totally ordered sequences of wpke each tuple
represents an update to the one before it in the sequencé&sTinm stream are
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ordered in ascending order of a time field. Furthermore, omeave fields in the
stream schema can be designated asipidate key. In this case, a tuple updates
a previous tuple with the same key value. For example, giveineam of stock
prices in the form of (time, symbpprice) tuples, the symbol field represents the
update key. In this case, (09:01, IBM, 25) is an update on dreeauple (9:00,
IBM, 24). If no update key is specified, then each tuple in thessh is simply an
update of the one before it.

To generalize, aopdate stream consists of a sequence of relational tuples with
the generic schema (time, update-key-fields, other-fieli&) assume that tuples
are ordered by time for a given update key and this per-kegrasdpreserved
throughout the query processing. Furthermore, we assuateipidate key fields
are retained in the tuples throughout the query plan. Theseassumptions are
important and have certain implications on query operagralwior, which we
will describe next as part of our query processing model.

3.2 Query Processing Model

Continuous queries are defined on update streams. A consrqueery takes an
update stream as input, and produces an update stream as ddgpending on

the mode of input and output data delivery, there are fousiptesbasic continu-

ous query models. Figure 1 illustrates these alternatlvakess otherwise stated,
we will focus on the push-push model in this report.

g i
Data periodic pull Continuous periodic pull Enlc!—pqint
Source update Query update Application
stream stream

Figure 1: Continuous query models

As new update tuples arrive from the sources, the continqaases need to
be re-evaluated, refreshing a previously reported quesyltréo reflect the most
recent state of the source data. Until new query resultsrbe@vailable, the ap-
plication will rely on the most recently reported result. eféfore, updates have
to be processed and newer results must be produced as sooss#sig Other-
wise, the application may perform actions based on a valuehaf in fact stale
(i.e., superseded by a newer one) and therefore an inaeceflction of the real
world event that it represents.

Unlike append streams, where the application expects tavequery results
on all incoming tuples, in the case of update streams, thécagipn needs to
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be updated only on the most recent values available fromdtee sburces. This
introduces a new query processing model with a slightlyedght correctness cri-
teria. At any point in time, a query result which is producegdusing the most
up-to-date input values is sufficiently correct compared tpery result which is
produced by using all of the available input values evertediso far. In other
words, the application cares more about freshness thanletenpss. This is a
radically different semantics than that in the case of aggsased applications.

Continuous queries are composed of a number of stream-edi@qterators.
In this work, we focus on five such operators that are commoséd in stream-
ing applications [9]. In what follows, we briefly describeetie operators, with a
special emphasis on how they should behave under the newedpdsed stream
data model.

e Filter: Filter applies a predicate on each input tuple and drops ties that
do not satisfy this predicate. Its behavior on update stsearthe same as it
IS on append streams.

e Map: Map transforms an input tuple into an output tuple by apgarfunc-
tion on it. In case of update streams, the function is notaadhbto modify the
update key fields, since the key must be retained in the otuplé.

e Aggregate: Aggregate groups an input stream into substreams by thmiipgr
by fields and constructs sliding windows on each substreamadan a given
window size and a window slide. Then an aggregate functiapgied on
each such window, producing an output tuple. In case of epsta¢ams, the
group-by fields must be a superset of the update key fields ableeto retain
them in the outp. We would like to note here that, since an aggregate op-
erates on a per-window basis, it essentially maps updategantuples into
updates on windows, each corresponding to an output tuples difference
in operational unit must be taken into account in managiegufidates in the
system, since output staleness will apply to whole windaatsar than indi-
vidual input tuples. This is an important issue that we wiglodiss in detail in
Section 7.2.

e Union: Union is an n-ary operator that mergesnput streams into a single
output stream. In case of update streams, all inputs shaatldmly have
the same schema, but also the same update key fields. Addiyiche merge
must be order-sensitive in that the total time order of tipeiis for each update
key must also be preserved at the output. Furthermore, siac@ssume that
update streams have total order on time for a given updatelk&gn is not
allowed to produce multiple output tuples with the same tirakie for the

In UpStream, we simply assume that the group-by fields are the same as #ie upd
key fields. We will address the more general superset case as pait fofture work.
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same update key. For example, assume a Union with two inpatsd®, and
that input A contains (9:00, IBM, 24). If input B also contamguple for IBM

at time 9:00, then Union must only keep one of these tupled,tia@ other
one should be droppgd It is important to note that the order requirement
would cause Union to block in the case of append streams. toawa the
update streams case, it would be sufficient to deliver thet neacgnt update.
Therefore, Union can deliver the youngest tuple in any oinipait queues at
the time of processing, and then can simply drop the subsdégueriving
tuples on the other input queues that might have smallerahees than the
last delivered one.

e Join: Join is a binary operator that correlates two input streaasedh on a
window size and a predicate. Tuple pairs from two streantctiacide in the
same window are checked for the predicate, and the onestisft/ghe pred-
icate are concatenated to produce an output. In the casalateiptreams, in
order to retain the update key fields in the output, the jogdmate is assumed
to implicitly include a condition on the equality of the keglfis received from
both join inputs. Additional join conditions can be addedaaonjunction to
this equality predicate. Note that it would be sufficient &livker the most
recent match if there are multiple matching pairs in the ygindow.

3.3 Quality of Service Model

In append-based streams, end-to-end processing lateribg imiost important
QoS metric. Since all input tuples are expected to be predessmpletely, the
main focus is on minimizing the time that each tuple spendbiénsystem until
it is processed and a corresponding result is appended toutipeit stream. In
the case of update streams, it is more important to deliveentbast current result
than to deliver all results with low-latency. Thus, the fe¢sion making sure that
a given query result is as much up-to-date as possible wsihect to the conse-
quent updates arriving on its input streams. Thus, we usHaxaht QoS metric,
staleness, in order to capture this goal.

Staleness metric was also used by previous work for bringingiiple data

2Note that if the "other-fields” (in this example, price) carry the same contkah
it does not matter semantically, which tuple is kept and which one is dropgeatbt,|
we would consider the input to be illegal since an update key can not beiatexl with
multiple values at a given time point (e.g., IBM’s price can not be both 24 &rad 2:00).
If such conflicts are expected to occur for the data sources involvedadpgglication, then
the application can model that into Union implementation by stating which inputeourc
should be taken as the truth. In general, for the sake of freshness,ld Wwe preferable
to keep the input tuple that is readily available to Union at the time of processing.
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Figure 2. Staleness

copies up-to-date in various different contexts includaaghe synchronization
and materialized view maintenance [4, 8, 11, 10]. The exafiniion varies
depending on the problem context and is usually based on fatte dollowing:
time difference, value difference, or number of unapplipdates. In our current
work, we use a time-based staleness definition. Stalenesgrigperty that we
associate with each output substream that we deliver fdr ééferent update key
value through each continuous query. It shows how much dtregle with a
certain update ke falls behind in time with respect to more recent input atsva
for k. Figure 2 illustrates our definition. In this example, therene continuous
guery and a single update key value. Input tuples (shown Igitars) arrive at a
rate of 1 update per 2 time units, while the query has a prougssst of 3 time
units per update. As soon as a new input update arrives dlemess of the output
starts increasing with time. As soon as a new result is deldjestaleness drops.
If there are no newer input updates, then the staleness gaesd. Otherwise,
it goes down by an amount based on the first invalidation tim@tpyvhere a
newer update was received. For example, tuple b arrivecevitndle a was being
processed. When a’ is delivered, staleness only goes dowrowo | arrival time
for b).

We can define staleness more precisely as follows. Assunrganstreany
processed through a continuous quérywith NV distinct update key values. For
each output substrea®;, 1 < i < N with update key valué;, let s;(¢) denote
the staleness value at timeThen:
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0, if there are no pending updates dwith k;
si(t) = ¢ t — 7, wherer is the arrival time of the oldest
pending update on with &;

The average staleness@©f over a time period front, to ¢, is:

1 t2
/ S; (t)dt
t2 - tl t1

Our overall goal is to minimize the averagjeover all output substreams of all
continuous queries in the system during a given system nua pieriod.

S; =

3.4 Problem Definition

Based on the models we introduced above, we can define ourckgeablem as
follows. We are given a set of continuous queries with updateantics, repre-
sented as a plan of operators. This query plan takes a sedafaigtreams as input
and produces a set of update streams as output. Each upéate stay also have
an update key, where each key may be updating at differezg mater the course
of system execution. Given this setup, implement an adajptiocessing frame-
work so as to minimize the average staleness of the reswdafdr update key over
all continuous queries in the system.

4 Storage-centric Approach

In this work, we take a storage-centric approach to load gamant for stream-
ing applications with update semantics. Our motivationdoing so is threefold.
First of all, storage is the first place that input tuples hithe system before
they get processed by the query processing engine. Mordisply, input tuples
are first pushed into a tuple queue, where they are tempostated until they
are consumed. The earlier the update semantics can be punstiexiprocess-
ing pipeline, the better it is for taking the right measuresléwering staleness.
Second, it is rather easy and efficient to capture updatergesas part of a tu-
ple queue. For example, applying “in place updates” in a guweould be rather
straight-forward and also memory-efficient. Finally, arage-based framework
allows us to accommodate continuous queries with both apped update se-
mantics in the same system, by defining their storage mesimaraccordingly. In
other words, one can selectively specify certain tuple gaeas “append queues”,
whereas others as “update queues” without making any ckanglee query pro-
cessing engine. This kind of a model is also in agreementneitbntly proposed

9
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streaming architectures that decouple storage from quegepsing such as the
SMS framework [7].

In the rest of this section, we will first introduce the conoefpupdate queues;
then we describe the design of our storage manager arehiéeict support the
implementation and optimization of different types of gegin the system.

4.1 Update Queues

Traditional append-based query processing semanticsresquiple queues be
modeled as append-only data structures with FIFO semaifocsupport the new
update-based query processing semantics, we have extianglgedditional model
with update queues. The main property of an update queue is that, for each dtstin
update key value, it is only responsible for keeping the mesent tuple arrival;
older ones can be discardedOne can think of update queues as having one data
cell per update key value, which is overwritten by newer galat every arrival.
Given this basic property, an update queue can still be im@fged in different
flavors based on how update keys are ordered, how the unagilyimemory
data structures are managed, and how windowing semanticlidaong window
queries is taken into account at the queue level. We septirade three issues
into three orthogonal dimensions in our storage framewldekt we describe the
storage manager architecture that encapsulates thisxdesig

4.2 Storage Manager Architecture

Figurel 3 shows the architecture of our storage manager.agtamanager in-
terfaces with input sources, output applications, andyypescessor through its
iterators. These iterators enable three basic queue aperaenqueue, dequeue,
and read. Input sources always enqueue new tuples into & qubereas output
applications always dequeue tuples from a queue. Quergegsoc can enqueue
intermediate results of operators, while it can read or daguhese back again
to feed into the next operators in the query pipeline. S®rmagnager also com-
municates with the statistics monitor in order to get stiags(e.g., key update
frequencies) to drive its optimization decisions. The ulyileg queue semantic
can either be a traditional append queue or an update quaudpStream, we
focus on the latter.
The update queue manager is broken into two main compondiits. key

scheduler decides when to schedule different update keyesxeérution. As we
will explain shortly in the next section, the key schedul@n choose to apply one

3For ease of presentation, we are simply assuming tuple-based queegsxtensions
to window-based queries will be provided later in Section 7.2.

10
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Input Query Output
Sources Processor Applications

§ It 4

Enqueue/Dequeue/Read Iterators

4]

Append Queue Manager

Update Queue Manager

Statistics ' Key Scheduler Memory Manager
Monitor

Page Window

FIFO IN-PLACE |...| LINECUT
Pool Manager

Figure 3: UpStream storage manager architecture

of several policies including FIFO, INPLACE, and LINECUTTINGhe memory
manager component oversees page allocation, and for ghiimdow queries,
also takes care of window management. In our implementati@nhandle key
scheduling, page pool management, and window semanticgaarent as three
orthogonal issues. However, page pool management and wintinagement
logically belong together as part of the memory manager corapt since they
both focus on space efficiency, while key scheduling is nyasmincerned with
staleness.

5 Minimizing Staleness

In this section, we focus on the update key scheduling coeptarf the UpStream
storage framework. This component directly deals with miring the overall
average output staleness by service differentiation aatifierent update keys.

5.1 Application Staleness vs. Queue Staleness

As presented in Section 3.3, computing application-peecestaleness involves
keeping track of several system events including suceessiwals into an up-
date queue, actual deliveries to the end-point applicasiod the relative order of
the occurrence of these events. All run-time componentssifeam processing

11
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system can influence these events, and therefore, the agipladation-perceived
staleness. In UpStream, our goal is to be able to contradrstgk at the storage
level. In order to facilitate this, we introduce a new staleaimetric calledueue
staleness, which is simpler than the application-perceived staler{est us call it
application staleness hereafter), yet can capture the essence of staleness while i
can also be directly measured and controlled at the stoeagé This can greatly
simplify our storage optimization.

Queue staleness for an update key is determined based orohgwhlat key
walits in the queue from the first enqueued update until thé ceyueue for that
key. Thus, the actual processing cost is factored out of pipdication staleness.
Next we show that one can control application staleness yraiing queue
staleness.

%))
8“ application staleness
E — — — queue staleness
o) 7
o I
i
4 ¥
! b A
| i 7 |
| :j 7
! [ |
L7 [ A -
f T T 1 T T time
hl N o AM N M tTm
g g2 o g8 © g 29
) o ©° S0 © ©T ©°
waitl cost
wait2 cost
H@
wait3  cost

Figure 4: Application staleness vs. Queue staleness

Figure! 4 shows two staleness plots for a single update kgwolid line for
application staleness, (ii) dash line for queue stalendsse x-axis represents
the run time. As seen, updates first get enqueued into thetaipgeue, then
dequeued for being processed, and finally get deliverede@gplication. The
overall average staleness would be computed by taking & @mder a given
plot and then dividing it by the total run time passed. Indte&considering a
whole run, we will focus on a representative time intervattwill repeat itself
at steady state, namely the middle part of Figure 4. For thit @f the plot, we
can compute the area difference between the applicatioqueuk staleness plots
(i.e., the dotted area denoted hy as follows:
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Figure 5: Application staleness vs. Queue Staleness

wherewait is the average queue waiting time (i.e., average over waiglt2,
wait3, etc. shown in the figure}pst is the average query processing cost; and
O is the overlap area that actually belongs to the next immaand thus must be
subtracted. Due to the overwriting behavior of the updatugLO is bounded as
follows: 0 < O < # Thereforewait * cost < A < wait * cost + # In
other words, the difference between two staleness meteipsrals only omvait
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5.2 FIFO and IN-PLACE Update Queues 5 MINIMIZING STALENESS

andcost. Sincecost is a constant andait directly determines the queue stale-
ness, we can conclude that minimizing queue staleness atsmizes application
staleness. Thus, we can focus on the queue staleness raetia bptimizations.
Please note that the fact that we allow queue waiting timeutg &nd use an aver-
age gqueue waiting time in the equation makes is possiblertergéze this result
to the case for multiple update keys.

We have also experimentally verified our above analysis.ureg 5(a) and
5(b) compares the two staleness metrics for a single key amdaltgle key setup,
respectively. We show how overall average staleness mehsuunits of number
of updates scales with increasing load. In both casesnstsdegrows in a similar
way and the difference between the two staleness metricsté&srdined by the
gueue waiting time, which is solely a linear function of tload factor. Please
note that compared to Figure 5(a), in Figure 5(b), the quéaleress is inflated
by about a factor of 10, since there are 10 distinct updats #&t have to wait for
each other in the queue, and this increases the queue waiiegy a factor of 10.
However, the number of keys does not affect the differenteden application
and queue staleness, which agrees with our theoreticalsasal

5.2 FIFO and IN-PLACE Update Queues

I ‘ IBM2 ‘INTCl ‘MSFTl‘ IBM1 ‘4’ —— ‘ ‘IBMZ ‘INTCl ‘MSFTl‘ —

(a) Traditional Append queue (b) FIFO Update queue
— ‘ ‘INTCl ‘MSFT:L‘IBMZ ‘H - ‘ ‘MSFTI‘ IBM2 ‘INTCl ‘H

(c) IN-PLACE Update queue  (d) Line-cutting Update queue

Figure 6: Update queue examples

We now introduce two baseline approaches to update key skthed FIFO
and IN-PLACE.

e FIFO Key Scheduling: A FIFO update queue is one where tuples are ser-
viced in their arrival order, both for a given key and acrds&eys. Its main
difference from a FIFO append queue is that it is lossy: onocevavalue for
an update key arrives, itis inserted at the tail of the queikwhe older value
for the same key, if already in the queue, is removed. In tlzengte shown
in Figure 6(b), arrival of a new tuple for IBM (IBM2) at the taif the queue
removes the old IBM tuple (IBM1) from its earlier position iretiqueue.

¢ IN-PLACE Key Scheduling: An IN-PLACE update queue is one where tu-
ples are serviced in FIFO arrival order within a key groug,rmt necessarily

14



5.2 FIFO and IN-PLACE Update Queues 5 MINIMIZING STALENESS

so across different key groups. Once a tuple with a certairvkie gets into
the queue, it preserves its position in the queue even ieavatue for that key
arrives and overwrites the older one. In other words, thevalde acts like a
place-holder for the new value. In Figure 6(c), IBM2 overwrites IBM1 on its
original place in the update queue. Unlike the FIFO updagaiqua key group
in an IN-PLACE update queue does not waste the time it alrepegtsvait-
ing in the queue if it gets superceded by a newer value. Thys key groups
can reduce their queue staleness. Thus, compared to a Fi®@eugpueue, an
IN-PLACE update queue is already expected to provide a stagemmproving
optimization beyond the basic update queue functionality.

Append queues vs. Update queues [#keys=1]
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Figure 7. Append queue vs. Update queue

We compared the performance of FIFO and IN-PLACE update cu@u@-
FIFO and UQ-INPLACE, respectively) against traditional Bllappend queue
(AQ) and its random load shedding counterpart (AQ-RLS). Féglishows that
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5.3 Linecutting 5 MINIMIZING STALENESS

these baseline key scheduling policies significantly impraverage staleness.

Next we show that, in fact, IN-PLACE policy results in the I@te@verage
staleness that can be achieved when the update frequehthesupdate keys are
uniformly distributed.

Considern update keys, each updating uniformly at the same expeated fr
guency value. In other words, we assume that arrival of epdate keyk; simply
follows a Bernoulli probability distribution with parametg, and that for all keys
ki, 1 < i < n,we are given thap; = p, = ... = p,. Thus, for a run ofn up-
dates, we expeqt; * m = % x m of them to be for keyk;. Let ¢; denote the
very first enqueue time fd; (i.e., more than one updates fgrmay have arrived
and overwritten that first update, but we only care about tis¢ diequeue time
since that determines the queue staleness). Without lagsnefrality, assume that
e1 < ey < ... < e,. Then at any time point, the queue staleness for these keys
must be such that; > s, > ... > s,. When we dequeue kéy for processing,
then the queue staleness of that keypbecomes 0 until the next enqueue ign
occurs. In the mean time, whilg is being processed, forall1 < j < mn,j # 1,

s; will grow by an amount otost, causing the queue staleness area for that key to
grow by an amount ow * cost. To minimize the total area growth for all
the undequeued keyh, with the highesk; must be chosen for dequeue. In other
words, we must choose the key with the earliest first enquewet (i.e., in our
scenariok; must be chosen). This argument applies independent fronsbow

the next enqueue for the chosen key occurs, since the upadatplity across all
keys is assumed to be uniform in the first place.

The IN-PLACE update queue behaves exactly the way describ@ckalt is
guaranteed that the first enqueue time of any update key INtFe.ACE queue is
definitely earlier than all the others behind that key in theug. Therefore, once a
key gets to the head of the queue, it is the one with the etfilisisenqueue time as
well as with the largest queue staleness across all keysrésult, the IN-PLACE
key scheduling policy ensures that the overall averagerstak (application as
well as queue) is minimized for a uniform distribution of apel key frequencies.

5.3 Linecutting

The previous section showed that IN-PLACE key schedulingcpalan not be
beaten if all keys update at the same frequency. Howevem oifines the update
frequencies are not uniform. Figure 8 illustrates thisaitn for financial market
data taken from NYSE Trade & Quote (TAQ) database for a tadiy in Jan-
uary 2006 [1]. More than 3000 different stock symbols (iupgate keys) were
involved, and the most active of these updated for 4305 twiesreas the least
active one updated for only once during the correspondigglddN-PLACE key
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5.3 Linecutting 5 MINIMIZING STALENESS

scheduling policy still the best that we can do for such noifeum update fre-
guencies? If not, how can we exploit the differences in upéiaguencies to find
a better scheduling algorithm?

5000
4500
4000
3500
3000
2500
2000
1500
1000

500

Figure 8: NYSE TAQ data (daily # of updates per stock symbol)

The idea behind our linecutting key scheduling algorithiNECUTTING)
is based on the following two observations:

¢ Non-uniform key update frequencies: Normally, IN-PLACEatiall keys the
same so that all of them wait for the same amount of time in tleaig. This
time is proportional to the queue length multiplied by thetdor processing
atuple. Therefore, by speeding up occasional residenkteajueue by letting
them to the front of the queue allows for a queue wait time pgr o be
changed in correlation to its update rate.

e Bursty loads: Slow updaters may update all at once or at Ieast/ery close
time vicinity of each other. Between such bursts, stalenassuch keys will
remain zero, and whenever a burst happens, the system mitgdt eus into
updating the application with the slow ones, by allowing $tev updaters to
cut into the front of the queue.

The key point here is to be able to immediately identify tlosvalipdaters when
they arrive. Slow updaters are the keys that have such sldatefrequencies that
between two updates, all other more faster updaters that #re queue have time
to be scheduled at least once. Formally,ifis the update rate of a slow updater,
then the following inequality should holdy, < 1/c* n, wherec is the cost for
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5.3 Linecutting 5 MINIMIZING STALENESS

IN-PLACE vs. LINECUTTING [#keys=10, Load Factor=5]
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Figure 9: Linecultting

processing one tuple, amds the total number of residents in the queue at the time
whenk updated. Our LINECUTTING algorithm works by testing this delity
for each new arrival; in case of success, the key will be albwo cut into the
front of the queue. Otherwise, the IN-PLACE update policyli@gp

To test the effectiveness of our algorithm in minimizingletess, we con-
sidered a non-uniform distribution of update keys contaggriwo categories of
updaters: very slow and fast. For example, given 10 keyspbuthich, 9 keys
update 10 times more than the 10th key would be such a distibu~or testing
this heuristic, we have varied both the load factor and thelrar of slow updaters
in the distribution. Figure!9 shows our result for when loactér was 5. On the x-
axis, we vary the number of slow updaters in our 10-key datasd on the y-axis,
we show queue staleness ratio between IN-PLACE and LINECUTGTWhen
we have no/all slow updaters (i.e., x=0/x=10), both aldnis perform exactly
the same (i.e., y=1). As we increase the number of slow uplate start seeing
the benefits of the LINECUTTING heuristic. At 8 slow updatettse have the
highest benefit, and then we see some drop. This is due todhthéd too many
slow updaters start satisfying the linecutting conditiangd therefore the queue
starts behaving like an IN-PLACE queue. Note that we repehiecxperiment
for other load levels as well, and obtained a similar resmitconclusion, under
non-uniform key update rates, sufficiently slow updatersubinto the front of
the queue decreases overall average staleness for albupet
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6 WINDOWING

6 Windowing

In this section, we focus on describing how to apply updateasgics for win-
dowing queries. We begin by listing the assumptions andireaqents for the
window-aware update model. Then, we describe two techrsigdAGER and
LAZY, for processing windows under update semantics. Rmale provide re-
sults that show the performance of our windowing techniques

6.1 Assumptions
6.1.1 Windowing queries

Targeted queries contain operators that define windowstbeenput stream. We
discuss the windowing semantics in the same context asideddn [19]. A
windowing operatorAggregate) defines windows on the input stream by specify-
ing when to open a window)( window slide) and when to close iw( window
size). The Aggregate operator can apply a series of aggvedainctions (e.qg:
min, max, average, count, etc) on the contents of the winddve computation
is applied incrementally as tuples update the window. Aesigimaintained for
each open window that represents the partial computatiomha has arrived so
far. Windows can be tumblings = 9) or sliding (v > ¢) in time. The time
taken into consideration by the operator is that of the datiace, rather than the
system time. Aggregate defines windows on a per-key baserenthe key is the
group-by attribute.

6.1.2 QoS model revised

Updates are applied in units of windows. We will show latethia section how
we define the most recent update when we introduce the updats windowing
semantics. However, no matter how this is defined, stalegiesgs with every
fully-arrived unprocessed window. The interpretationhiatta result can be gen-
erated and the application updated only after a full wind@as heen dequeued
and processed. The processing cost for a window (that isa fafl update) is
expressed differently than in the tuple-based scenarierevtihe load factor in the
system was given by the amount of updates per processingpeosipdate. In
the windowing case, the cost per window (cost for updatimgapplication)C'y,
must account for the processing cost per tuglethe number of tuples within the
window (v) and the degree of overlapping between windows=([%]). Ideally,
this is given by the following formula:

Cyw = Cp 00 (w —i % 0)
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6.2 Windowing techniques 6 WINDOWING

Crxw<Cw < (0+1)xCyx(w—gx06)

In the case of window-aware load sheddingan vary betweef and (o —

1). Because of this variation, for the windowing update sencantie decided to
provide a deterministic cost estimation, which is the lobveuandary. This means
that the Aggregate will not open a new window until the cuti@re finishes and a
resultis produced. However, as we will see later on, this ot mean that we do
not allow overlapping windows. It is just a matter of postp@the decision until
we know for sure that the window we committed to represergsntlost recent
update. Another reason for doing this is in the interest ohéss towards all
keys. In conclusion, the cost model for windowing updatestine components:
cost for processing a tuplé, and the window size.

6.1.3 Window drops

Our storage-centric approach imposes we shed updates mssdbey become
older. Since, in the present case, an update is represenptwvimdow, we need
to provide the proper mechanism for storing current windopldés and getting
rid of expired ones (belonging to windows that have becond¢. oThe update-
based windowing semantics must make sure to preserve windegrity when
dropping windows. We do this by leveraging the tuple marlsogeme proposed
by Tatbul et. al [19]. In order to facilitate such a require@mehe update queue
and the operator must work together. The update queue kesegsdf the most
recent window update. To do this, it employs the same meshafar delimiting
windows as used by the operator. When it is time to open a newomirior pro-
cessing, the queue will mark that window with a non-zero widpecification.
Older windows are marked with On the other side, the operator will open win-
dows selectively based on the window specification marksother words, the
operator is stripped down of the window delimiting functdity which is better
suited in the queue. Table 1 gives the possible actionslhikeatperator might do
upon reading a tuple from the queue, based on thespat values

6.2 Windowing techniques

We apply the update semantics for windowing consistentiy wie tuple-based
scenario. More specifically, we have to define the most regpdate (/ RU)
rule for windows, which our windowing semantics are basedFanr tuple-based
updates, thé/ RU" rule says that each new arriv@l =, val;) for key x overwrites

4Throughout this section, we will be discussing windowing semantics appliedeo
Aggregate operator. Handling more complex queries can be done by tatongpnsid-
eration the query level window specification as described in [19]
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6.2 Windowing techniques 6 WINDOWING

Table 1: Relevant operator actions
t win_spec relevant action
>0  openwindowV (start, end)
wherestart =t andend = T,
updateéIl, t)
0 do not open window, updat¥’, ¢)
-1 update(WV, t)
t=end[W] don’tcare emitresultfal’

the previous unprocessed one € 1, x,val,_1)). For the windowing case, we
consider updates in terms of windows. When we process a wifoloavkey, we
say that wecommit to it. It is the job of the windowing-aware update queue to
enforce such semantics so as to make sure that the committedws comply
with the M RU rule. Consider that a tuple, ) for key = has just been enqueued.
The M RU™ rule for windowed updates can be stated in two ways:

1. MRU}: a window WW; is more recent than a windoWw/;_, if both are
fully arrived (all the tuples in the window have timestamesd thart) and
Last[W;_1] < Last[W;] < t. This is the basis for theAZY windowing se-
mantics which will be discussed in detail in section 6.2.1. Basicallyder
such semantics, the operator commits to a window after ifiipsarrived
and the update queue drops on window closers.

2. M RU}: awindowW; is more recent than a windoW,_, if 1V is partially
arrived andFirst[W,;_1] < First[W;] < t. This is the basis for thEA-
GER windowing semantics which we will discuss in section 6.2.2. In this
case, the operator commits eagerly to the most recenthgdtaindow even
though it hasn't closed so far. The update queue performssdyo window
starters.

An important issue that differentiates tuple updates framdewed updates is the
fact that for windows a dequeue takes longer (as long as tiggHeof a window).
When the operator is ready to serve a key, it will commit to tlestmecent win-
dow for that key, in the sense described by the windowing séicg Once this is
done, the key is extracted from the queue and placed in pimgestate, at which
time the operator starts dequeuing tuples from that windmwag long as there
are any available (in the EAGER case, a window is committeglven though it
hasn't fully arrived). In order to accommodate such a camstywe extended the
KeyScheduler by assigning states to keys. A key travelsitiirahe Key Transi-
tion Graph (KTG) starting from the moment when the systereives updates for
it, to the moment the system updates the application.
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We identified the following states to describe the lifecyal@ key:

e ENQ: the start state. In UpStream, the lifecycle of a keytsiarthe storage
with an enqueue.

e WAIT: a key enters this state immediately after enqueues disied to buffer
keys while other keys are being served. The KeySchedulentaias a
gueue of keys in this statewsg. The relative ordering of keys imq is given
by the heuristics employed by the KeyScheduler (e.g IN-PLA®#hen a
key first enters this state, its queue staleness starts mggowi

e READY: once the operator is prepared to serve another keyfria@s the
one that lays in the head of the; list and places it in this state, to mean
that the operator is committed to the key. Hence, it is no éorwgaiting,
its queue staleness will go down @icand its application staleness will go
down once the processing concludes (to a valueaily in the absence of
pending updates). It may happen that the Aggregate opdrasarommitted
to more than one window but belonging to distinct groups gkeyherefore,
we keep a queue of keys that are under processing at the samealled

e IDLE: this state was introduce to strictly accommodate tpdate-based
windowing semantics. The operator will try to consume taptem a com-
mitted window as long as there are any available. Othenthedsey will be
made IDLE in order to make room for other keys that are propalting.
An idle key will get back in theipq after new arrivals. Idle keys are kept in
an unordered list called.

e DONE: the final state. Once the processing for a key finishesrémoved
from upq. In UpStream, the lifecycle of a key ends with updating theliap
cation.

It is important to note that it is possible for a key to be in mtran one state
at the same time. For instance, in the context of overloadyankay be found
in the WAIT and READY/IDLE states at the same time. This meé&ias the key
is under processing, but while doing so, new updates hawedrwhich would
eventually cause an increase in staleness.

Figure 10 shows the general Key Transition Graph, indep&nafethe win-
dowing semantics. The conditions for transition betweeatestare as follows:
isUpdate(t, K) is a verification of thé\/ RU* condition. At enqueue, the KeySched-
uler usesloPromote(t, K') to check whetheK” must be reintroduced into READY
state. At dequeuésAvail(H) verifies whether the committed window has more
tuples.
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Figure 10: Key Transition Graph

In order to separate between the READY state and the WAIT atdtee stor-
age level for one key, we provide an infrastructure for wgtioverwriting (updat-
ing), deleting and reading during the enqueue and dequezratigns. The fixed
part of such an infrastructure - which we call a Window Buffés the dequeue
buffer which holds the tuples of the committed window. The hot p&athe Win-
dowBuffer is theenqueue buffer where window tuples accumulate as they arrive.
Moreover, it is the enqueue buffer that handles drops ingefwindows.

The instantiation of the KTG state transition triggers ad a® the Window
Buffer flavors will be further discussed in the context of thw twindowing se-
mantics.

6.2.1 LAZY windowing semantics

The LAZY windowing semantics are a direct adaptation of th@d-based update
semantics: the operator will only commit to a window that hdly arrived and
that is the most recent one, according to t&kU}" rule. First, we will show
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an instantiation of the KTG state transition triggers foe tbAZY windowing
semantics. Then, we will give the behavior of the LAZY WindBwffer. Finally
we will exemplify with an execution trace.

In the LAZY case, we commit to fully arrived windows. This nmsathat a
key in READY state will never run out of tuples and therefore key will ever be
IDLE. The only thing that we have to define for the LAZY windawisemantics
is the instantiation of thésUpdate(t, K): it will return true if and only ift closes
a window for keyK.

commit point

,,,,,

dequeue buffer

(a) LAZY Window Buffer behavior

commit point

dequeue buffer

(b) EAGER Window Buffer behavior
Figure 11: Window buffers

Figure/ 11(d) shows the behaviour of the LAZY Window Buffer &merlap-
ping sliding windows. The enqueue buffer consists of a listindow structures,
one for each window starter that is in the current scope. Timelaw structure
that contains the most recent fully arrived window is alwaiythe top of the list.
Overwriting happens by replacing the dequeue buffer wighrtewest top of the
enqueue buffer. The event that triggers an overwrite/dsdpe occurrence of a
window end. The enqueue buffer can contain as manyvaisidow structures.
At commit point, the top of the list of window structures iretenqueue buffer is
flushed to the dequeue buffer. The tuple corresponding tevthdow starter in
the dequeue buffer is marked according to the schema dedaritsection 6.1.3.
All the window starters that are part of the enqueue buffer rmarked with0

5o is the degree of overlapping described in section 6.1.2
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(disallow) by default.

Figure 12(a) shows an example of an execution trace for LAZNdawing
semantics. We considered one key- 3, § = 1 andC; = 2. On the dequeue and
results timeline, we depicted the queue and applicatiderstas, respectivelyl
denotes a new arrival for the key, whilé indicates an update to the key that is
already waiting in the queue. Both queue and applicatioesésis are computed
on window ends. Therefore, by the equivalence between-thgded updates and
window-as-a-whole updates, the relationship between&aad application stal-
eness is preserved.

L3y 3

e rai results
° 1 (1“!1) (]‘rrz) (J¥3) 1 (‘711) (}7!2) ;713) Operator
W(13) W(7'9) W(13,15)
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(a) LAZY Window Buffer
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. size -
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FEyr 32 @3 (Y @2 (7.3 operator
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dequeues
L1 YYyyyiLyyyyy. updates
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L 23 R

(o) EAGER Window Buffer

Figure 12: Execution traces far= 3,6 = 1 andC, = 2
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6.2.2 EAGER windowing semantics

The EAGER windowing semantics are a combination of appexsdt window-
ing and update semantics: the operator commits to the Isii@$ed window and
eagerly tries to process window tuples as they arrive. As vlleshhow in our

example and our experiments, we expect the EAGER approamhtperform the
LAZY one in terms of application staleness. However, it issleleterministic
than the LAZY approach, since windows may have gaps, edpewiaen there
are multiple keys updating at the same time. On the other,lginde updates
are considered at each window starter, queue stalenesmjsuted on window
starters whereas the application staleness is computedrmow closers. We
shall prove that the relationship between queue and apiplicataleness is still
monotonic®,

First, we describe the instantiation of the KTG state tri@msitriggers:

e isUpdate(t, K): returns true if and only if starts a new window fokK'.

e doPromote(t, K): returns true ifK is IDLE, its dequeue buffer contains
an incomplete window andis within the boundaries of that window. This
guarantees that a key is back into READY state after hittinga g

e isAvail(H): returns true iff has a partially arrived window in the dequeue
buffer.

The behavior of the EAGER Window Buffer is shown in figure 11(©)er-
writes happen on window starters. Therefore, the enqueffier sl always emp-
tied when a new window starter arrives. This means that tiqeeure buffer will
always contain the most recently started window. At comnihp the enqueue
buffer is flushed to the dequeue buffer. The marking is doas#me way as in the
LAZY case. Subsequent tuples are placed both in the enquéfer fas long as
they belong to the most recent window that is not committed)) ia the dequeue
buffer (as long as they are in the scope of the currently catachiindow).

Figure 12(b) shows an example of an execution trace for EA@ERowing
semantics. One can observe a mismatch between the absalués Yor queue
and application staleness. This is because they are cochputfferent points:
window starters and window closers, respectively. Howeiere look at the
first committed window starting at time 1, the key starts imgitin the queue
when a new window starts at time 2. On the other hand, from pipdication
perspective, the window that closes at time 4 invalidatestitput for window 1,

8In our evaluation of the windowing semantics, we will use only application staken
as a metric for comparison. Queue staleness is a metric to evaluate the hewlrstiesas
application staleness offers an evaluation of the whole system.
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given at time 7. Since the invalidators of both metrics bgltmthe same window
(starter and closer), we can easily conclude that the ogliglip between queue
and application staleness is preserved.

6.3 Evaluation

6.3.1 Windowing semantics

EAGER vs. LAZY (tumbling windows, cpt=1)

a5F LAZY —A— ... R TR R RRRTARTERERL S IO
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(a) Tumbling windows
Append vs Update for overlapping windows
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Average application staleness(#updates)
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Window size

(b) Overlapping windows

Figure 13: Windowing semantics

In this section, we will show experimental results on thefgrenance of the
update-based windowing semantics. We start off by comganim strategies with
the traditional append style of windowing and a load shegldariation on that.
We show this comparison by isolating the windowing semargftects from those
of the heuristics, therefore we are using only one key. S#lgpwe will compare
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6.3 Evaluation 6 WINDOWING

the EAGER and LAZY windowing semantics in the context of nplét updating
keys and with different update and arrival patterns.

Here, we want to show the performance of the windowing sirasewith-
out worrying about key scheduling and arrival patterns s€ikeys. For these
experiments, we considered varying the window size, wioitking at tumbling
windows ¢ = w) and overlapping windows which slide at each ti6k< 1).

In figure/ 13(a) we compare the effects of the EAGER and LAZYdeining
semantics on the application staleness when windows arglitgn One can see
that for the latter one, staleness grows linearly with thadew size. This is
because windows are processed as a whole only after theg,anmich causes
the staleness to account fof * w. On the other hand, for the EAGER case,
windows are processed on the fly and staleness grows;fome units after the
window has closed (in the simple tumbling scenario With= 1). This means that
staleness will have the same absolute values no matter tidowisize. Hence,
by taking the average while increasing window sizes, stasrior the EAGER
case decreases asymptotically.

Figure 13(b) shows a comparison between the append andewpdatowing
semantics. For the append case, we considered the tradificocess-everything
way and a load shedding variation that randomly drops wirsddvor the update
part, we show results for our windowing approaches: EAGER [aAZY. The
results clearly show that the latter outperform even the@anwindow shedding
which would drop more or less the same amount of windows asipldate se-
mantics would. For this graph, we varied the window size rkédeping the slide
constant at 1. The random window shedding offers poureop®aence with in-
creasing load (window size), since it doesn’t try to prodresults for the latest
windows. Moreover, the randomness in dropping windows naase the opera-
tor to commit to multiple windows at the same time, whichdatito the area of
the tumbling snowball effect: with each window that the @per opens, the cost
for producing a result for previously opened windows grBws

6.3.2 Multiple keys and arrival patterns

So far, we have seen that EAGER outperforms LAZY for the 1-&egnario.
However, even from the model definition for EAGER, one cancipdite it might
perform worse if there are gaps in the windows. A gap in a cdtechiwindow,
means that the key is placed in IDLE state. It will get back inARE state only
upon subsequent arrivals within the scope of that windowwél@r, when this
happens, other keys may be already in the front ofithrglist and this key will
be placed at the tail, waiting for the others to finish. In ortieexamine this

"Here, we use no optimizations concerning the window computation.
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Figure 14: Multiple keys and arrival patterns

possibility, we turned our attention towards various airiand update patterns
across multiple keys.

We considered four distributions: three ZipF distribusaenerated by vary-
ing the # parameter fronv, 0.5 to 0.9 and a uniform distribution with uniform
arrival order among keys (e.g. 1,2,1,2,etc). Figure 14 shibv results of exper-
imenting with these distributions for 10 keys; = 1 while varying the window
size and keeping the slide fixed at 1. The heuristic we usedM#&4 ACE. The
comparison between EAGER and LAZY is done by performing & ratt their
application staleness values. The results show that EAGERnms worse than
LAZY for the ZipF distributions. This is to confirm our expatibns about the
problem that the EAGER windowing semantics may have withsgapne can
also observe that the difference between EAGER and LAZY igerpoominent in
the first part of the x-axis than in the second one. This caxplimed by the fact
that across runs, the size of the gaps remains the same feathe distribution,
but the window size grows which means that the number of @gdaécreases.
Having more updates (for smaller window sizes) causese@rstdleness values.

On the other side, one can also observe that for the uniforwaborder dis-
tribution, EAGER outperforms LAZY. The reason is that theva patterns and
gaps are more deterministic and EAGER is in advantage byepsitg window
tuples on-the-fly.

7 Memory Management

Here, we describe the update queue, a storage-centricrimeptation of update
semantics within a stream processing engine. First, wetbw@verall assump-
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tions that underlie the update-based memory managemeen, We go into detalil
about our mechanisms for performing efficient managemeir-pface updates
for the tuple-based and window-based scenarios.

A query network in our system consists of operators that armected by
arcs. Arcs represent the flow of data between operators.cisged with each arc
is a tuple queue. Input tuples from the data sources as weelpées resulting from
operator execution are pushed into these queues. Tuplegu@we are consumed
by their destination operators when these operators getstdd for execution,
or are delivered as query results if the tuple has reached twgput arc in the
query network.

Generally speaking, any tuple queue within the query ndtwan also be an
update queue. However, to make things simple, we presersittegion where
the update queue applies only on input streams. An updatgegisea shared
resource between the facility for enqueuing tuples froraastrs and the Query
Processor which consumes tuples from the update queue edsl fieem to the
query operators.

In order to handle the various aspects of the update-basddintbe underly-
ing storage management system implements the followingtitumalities:

o key-based stream partitioning: the input stream has the following schema:
(T, K,V), where () is theupdate key. T" represents the timestamp of the
data source that produced this tuplé.is a set of useful values for a key.
Virtually, the system views the update stream as a set otis#vas for each
key.

e overwriting: within a substream for a key, each new tupl&uple(t, x, val;)
overwrites the previous on&'(iple(t — 1, x,val;_1)).

e key scheduling: once in the system, keys must be ordered according to one
of the strategies described in the previous section.

e memory management: tuples for each key are stored in the main memory.
The system Storage Manager preallocates a chunk of main p€RPage-
Pool) from which all tuple queues in the query network arected space
on a per-page basis. Traditionally, a tuple queue is a FIF€ugwvhich
is conveniently stored as a contiguous memory zone splingnatigned
pages. This enforces a sequential memory access for batb (@equeues)
and writes (enqueues). However, in our update-based maoelglieues do
not happen in the arrival order across tuples, as is the cabeappend
queues. This yields a random memory access pattern andviotbd, our
Memory Manager implements an on-demand paging mechaniseifffo
ciently keeping track of key data.
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Figure 15: Update queue

The system distinguishes among keys with the help of the lksyHable
(KHT) (see Figure 15) which assigns a KeyCell data structoreach key. The
KeyCell data structure has two roles. First, it stores infation about the loca-
tion in main memory where tuples for a key are stored, so lieatcess to data is
instant. In the case of tuple-based processing, we needaeljocation for each
key. In order to handle this scenario, the KeyCell maintaw pointers: one to
the pageénclosing page - ep) and one to the location within that pagiaia loca-
tion - dl). These pointers are used to make in-place updates for nexalsr On
the other hand, the KeyCell allows a decoupling between tladenlying storage
management layer (MM) and the key scheduling layer (KS).

The KS layer implements various key ordering heuristicehsas FIFO or
IN-PLACE. For the purpose of our heuristics, the underlyimgliementation is a
double-linked list of key cells - called Queue of Keys (QoKyhich maintains a
pointer to thehead of the list. The head always points to the key cell that is to be
dequeued. next. Adding to this queue is an operation spa&giBach heuristic.
An update queue operates in the following way:

e Enqueue (for key “x*). The system asks KHT for the key cell for “x*,
adding a new cell to KHT if none is found. Based on the infororatn the
key cell, the system asks the Memory Manager to allocate aloeation
for this key or use the one already pointed to by the key cdtle former
case happens if this arrival for key “x“ is the first after thstldequeue for
this key. To facilitate this case, the Memory Manager kegmspointers:
next available page (nap) andnhext available location (nal). These pointers
are updated after each new allocation by the Memory Managiedicate
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7.1 Paging Mechanism 7 MEMORY MANAGEMENT

an empty location where we can add tuples. After physicallyying the
tuple to the computed location, the system calls the Key @die with key
“X" in order to add it to the QoK according to a specific heucist

e Dequeue The Memory Manager uses the information (page and location
from the head of the QoK in order to access the tuple to be dmegliéifter
doing so, the Key Scheduler removes the head from QoK.

The Key Scheduler operates according to the heuristicamaga in the previous
section and the implementation is straightforward. Nextfecus on the memory
management mechanism underlying the update queue.

7.1 Paging Mechanism

The problem that arises from implementing a random accessamyemanager
is that it results in page fragmentation. In order to minengage fragmentation
and memory proliferation, we implemented@mdemand paging mechanism that
allocates only the necessary pages from the PagePool ancthimes space uti-
lization within a page. This mechanism performs garbagkectibn eagerly, so
that when all the locations within a page are freed, the pageturned to the
PagePool.

The basis for the on-demand paging mechanism is the use aditicaal
data structure called the Empty Locations Pool (ELP). Thisl gtores the pages
that are in use at the moment and have available locationsedai such page,
the ELP simply stores the list of available locations. Bdbicéhe operation of
the on-demand paging mechanism is this:

e at enqueue (this only happens if key needs a new location!): grab the firs
page from ELP and from that page, the first available locasimmed in
ELP. If it turns out that ELP is empty, this means either aligmhave been
garbage collected, or all pages that are in use are full. €léhe mechanism
will ask the PagePool to allocate a new page. Next, we neefddata the
next available page pointer to prepare for the next locatguest.

e at dequeue: if the page that we dequeued from was full, it is added to ELP
together with the dequeued location. Otherwise, we updtiatédt of avail-
able location for this page with the dequeued locations.

This behaviour can be observed in more detail in the pseode-below.

MermAdd( )
if (nap.isEnmpty())
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if (ELP.isEnmpty())
new p = PagePool . al | oc()
ELP. add(new_p, {})
nap = new_p

nal = first(new_p)
return

el se
p = ELP. sel ect ()
nap = p
nal = pick_avail (p)

el se
nal = pi ck_avail (nap)

MenRem()
if (!ELP.contains(dp))
ELP. add(dp, {dl})
el se
ELP[ dp] . updat e(dl)

The key to ensuring that page fragmentation is minimum iswheenever we
pick the next available location from a page (that is in EMA),always pick one
that was already freed. The general policy is to eagerly wmesthe locations in
ELP, which maximizes space utilization within a page.

7.2 Window Manager

Here, we want to introduce the extensions to the storagersyistorder to support
windowing over update streams. Our windowing model assuheefllowing:

1. Windowing operators perform group-by aggregates omastse
2. We target sliding windows specified by a sizand a slide).

3. Windows are time-based and the time taken into considerhy the oper-
ator is that of the data source, rather than the system time.

4. Windows are defined on a per-key basis.

5. Updates are done in units of windows. The most recent egdadhe most
recently started window. This invalidates the previouséyted (or closed)
window.
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6. Staleness grows with every fully-arrived unprocessattoiwv. The inter-
pretation is that a result can be generated only after a fnlllow has been
dequeued. Hence, based on the update semantics, stalemessa every
disregarded window.

7. Correctness: we disregard older windows and keep the raosht ones.
However, the windowing operators maintain a state by exengitihe input
stream and opening windows at well defined points in timergive size
and slide specification. Therefore we need to make sure tbgireserve
window integrity and we do this by leveraging the tuple magkscheme
proposed by Tatbul et. al [19].

8. Efficient memory management: we employ random memorysacaeross
windows of different keys while providing a sequential meynaccess
within a window.

Next, we describe the window-aware memory management merhahat
uses the window size and slide specifications to perform evindased updates.

Tuple-based update semantics implies that each individpé represents an
update to the previous one for the same key. This means thdenigth of the
queue for each key is 1 at all times (except dequeue timesyuwke, when the
queue is empty). The window-based update semantics asshatege overwrite
based on windows rather than on tuples. The queue for oneskegw bigger
since we must allow window tuples to accumulate before wedéeanything
about overwriting the current full or partial window. In @dto support tuple
accumulation for one key, we add a new data structure to tlyeQed which we
call aWindow Buffer (one for each key) and we define an extension to the memory
management mechanism in order to efficiently keep trackeWtmdow Buffer
contents across memory pages and be able to provide setj@uess inside the
Window Buffer.

The append-based model assumes sequential access to tloeymérere tu-
ples are stored: enqueue at the tail and dequeue from the hieae aligned
pages together, we would get a virtually contiguous memonezbetween the
enqueue location (newest tuple) and dequeue locationdioldele). However, in
the update-based model, we are dealing with random memaogsa@nd, as we
have seen in the previous section, we must keep track of tmeonyelocations
for each key. In the windowing-based processing, we aredfacth the problem
of storing multiple tuples belonging to forming windows fame key and keeping
track of them in an efficient way. We solve this with the adutitof the following
artifacts:

1. Sub-paging layer: we divide each page into blocks of same size. Each block
represents a physically contiguous memory zone where we tstples with
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the property of being consecutive (arrival time-wise) aetbhging to the
same key.

2. Block meta-info: The Window Buffer consists of more such blocks which
if we were to align, we would get a virtually contiguous megnaone. A
memory block is represented inside a structure which weadakedLength-
ContiguousZone (in short: FLCZ) that encapsulates the fatigunforma-
tion about the block:

(a) enclosing pagehe address of the page that contains this block

(b) block offset the offset within the page. The address of the block start
is computed asnclosingpage + blockof fset x blocksize

(c) dequeue offsetwhen we extract tuples from a block, we do it from
the location corresponding to this offset.

(d) engueue offsetvhen we add tuples to a block, we do it after the loca-
tion corresponding to this offset. The enqueue and dequigsetoare
incremented with each tuple that is added and respectiwgly,each
tuple that is removed. These offsets enforces the fundahprap-
erty of a FLCZ: that of ensuring sequential access inside litekbIf
the dequeue offset gets past the enqueue offset than tHeiblempty
and it can be deallocated. If the enqueue zone gets passeathitie
mum number of tuples in a block, then the block is full and weche
a new one for future enqueues. Allocation and deallocatfdiozks
yield a call to the Memory Manage¥/emAdd() and MemRem/().
The allocation unit within a page is now a block rather thamale
tuple. However, the Memory Manager will apply the same omaied
paging mechanism.

The Window Buffer is a double-linked list of FLCZ structuregthvan inter-
esting property. By following the NEXT links from a structuwethe other in the
list and by considering the sequential access propertyesddoy each structure,
then we can define a partial order relatieri‘‘on these structures and the memory
locations that they refer. Lét3, L) be a pairing between a blodk (represented
by a corresponding structure in the WindowBuffer) and a locat. within that
block. Assuming two pairing&B;, L) and(Bs, Ls), the question is what defines
(B1, L1) <’ (B, L) as true. If the windowing field is time-like, then it is enough
to make the previous statement equivalenf'®(L,] < 7'S[L,], whereT'S[L] is
the timestamp of the tuple stored at locatibrand ‘<* is the partial order rela-
tion defined on ordered natural numbers. This assumptioalid yn our model.
However, if the windowing field was not time-like, then the’* relation would
have to be defined differently. Maintaining such an ordergnportant when
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we perform update in terms of windows. The main constraitd Ise able to pre-
serve window integrity when we overwrite at enqueue timelockha window for
processing at dequeue time.

The Window Buffer is maintained with the help of four pointeeS” points to
the block (and location within the block) where we last engaeea tuple. DF is the
block where we dequeue tuples from. WS indicates the mosttrededow starter
and WE indicates where the currently processed window endsexpected to
end. The Window Buffer works like this:

e at enqueue: set ET to the current enqueue location. If ET is a window
starter, than we erase the currently accumulated windowdmat WS and
ET and start a new one. Erasing is not permitted if WS fallsdmghe
scope of a blocked (under processing) window. Regardingifiie tharking
mechanism, all window starts are marked with DISALLOW at weep.
Under these update semantics, the window buffer can redghacsize of
maximumw + 6 — 1.

e at dequeue: commit to the window indicated by the current WS. This makes
it the latest window. At this moment, we give an expectede&u WE and
we allow tuples to accumulate in the buffer until the windevcliosed. For
tuple marking, the current WS is remarked with ALLOW and thekria
set to the estimated WE.

7.3 Evaluation

In this section, we want to show space efficiency of our menmapagement
techniques through experiments conducted on our prot@ystem implementa-
tion.

In order to have a comparison term, we have developed a mapleimentation
of memory management for update streams which behaves ltbeifay way.
When a tuple for a key is dequeued, the Key Scheduler remofresitthe queue
of keys but the Naive Manager does not release the memortidacaccupied
by the tuple. Therefore, a Key Cell always keeps its memorgtlon. At each
enqueue, the Naive Manager must only lookup the Key Cell withrying to
compute a new location if that key has no memory allocatedh Wis approach,
the space requirements amount to exactly how many keys vee fis situation
is similar to having a preallocated space for all the keygh&nwindowing case,
the naive approach imposes the existence of a preallocpsee $or the window
buffer. This space would amount to the maximum that the wintaffer could
reach under the described update semantics.

We compared our on-demand paging approach with the naiveagip using
the following experimental setup:

36



7.3 Evaluation

7 MEMORY MANAGEMENT

Average effective usage (# effective/ #allocated)

Average usage

Memory usage [keys=100]

A
T T . 1 T

el T T
On-demand Paging & -
Naive approach—8—

0.75 I I I I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 (
Theta
(a) Effective memory usage
Memory usage [keys=100]
100 5 T T - T =T
On-demand Paging & -
98 Naive approact—8— -
96 *
94 |
92 —
QOAF ________ . |

88
86
84
82
80

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 (
Theta

(b) Memory usage

Figure 16: Various update rate distributions

e we used several datasets with uniform and skewed distoibati 100 keys.
In order to vary the skewdness between key update rates wehs&ipF
distribution. We varied thé@ parameter between 0 (uniform distribution),
0.3, 0.6 and 0.9 (very high skewdness).

e Wwe sent tuples into the system at increasing rates betwean®@000 tu-
ples per second while keeping the processing rate (or deqaés) constant
at 10 per second.

e each experiment runs for the same amount of time equivadeseltvering
1000 results to the application.

e the metrics that we used for comparison are:
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Figure 17: Various load factors

1. average usage: how much space was used on average. The average
usage is computed as an average across runs with differgnbdi
tions.

2. average effective usage: the percentage of the total allocated space that
was actually in use on average (non-dirty).

We measured average usage and average effective usagevariley thed
parameter (see Figure 16) and the load factor (see FigureTt® on-demand
paging mechanism performs better in terms of effective e@sd@llocated space.
When we increase the load in the system, this means that myseukelate be-
tween two consecutive dequeues. When we increase skewdnesg dhe key
update rates, this means that the queue is smaller on avbi@ge the uniform
distribution case. Figures 16(a) and 17(a) show that théesnmand paging mech-
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anism maximizes the usage of the allocated space. A valuentédns that no
matter the distribution, this mechanism does not introddicky locations. On
the other hand, while increasing skewdness, the naive appnases the allocated
space (in the order of number of keys) less efficiently simege is no need to
keep locations for keys that are updating slowly. If we vdrg toad factor, the
effective usage for the naive approach is low for small |@addrs but it improves
while the time between two dequeues increases. If we lookeaiterage usage
(Figures 16(b) and 17(b)), the naive approach keeps thédosafor all the keys
blocked, whereas on-demand paging eagerly tries to refezelocations to the
PagePool.

8 Conclusions and Future Work

In this report, we have argued that we need new load managdéeatmiques for

streaming applications with update semantics, since thpgkcations care more
about staleness than latency. We proposed a novel stoesiigedoad manage-
ment framework based on update queues. We further devisethded analy-

sis and a set of new techniques for intelligent update kegddimg, for space-
efficient window processing techniques for ensuring camed low-staleness re-
sults for sliding window queries.

We would like to address the following issues as part of oturkiwork:

e Our experiments focused mostly on minimizing stalenessases of non-
uniform key update frequencies and sliding window querses] therefore
we did not have a chance to generalize our results to more leamgperies
with arbitrary operator combinations. We need to run furésgeriments on
such queries based on our complete operator set.

e UpStream focused on minimizing staleness for a single ooatis query (though
with multiple update keys). We would like to extend our teiciles to schedul-
ing multiple continuous queries, possibly with sharing.

e Currently we assume continuous access frequencies actogxlate keys at
the end-point application. However, similar to the diffeces in input update
frequencies, the application may also want to access thitsest different
access rates (e.g., would like GOOG stocks to refresh evaryates, while
GM stocks to refresh every 1 hour). For this purpose, we needtégrate
application access frequencies into our QoS model.

e Our storage framework allows append and update queues égisbin the
system at the same time. We will explore how we can optimizestarage
framework under such scenarios. One interesting idea isvistigate adap-
tive schemes that allow the system to automatically swittwben the two
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gqueuing modes based on changing load.
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