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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 queriesunder
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 in favor
of newer ones using a number of different update key scheduling heuristics.
Our techniques can correctly process queries with different types of stream-
ing operators (including sliding windows), while efficiently handling large
numbers of update keys with different update frequencies. We present a de-
tailed analysis and experimental evidence showing the effectiveness of our
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 been a challenge for many
applications including financial services, multi-player online games, security mon-
itoring and location tracking systems. Various load management techniques have
been proposed to deal with this challenge from dynamic load balancing to adaptive
load shedding. Most of these techniques are best-effort in nature and rely heav-
ily on application-specific resource allocation and systemoptimization techniques
based on Quality of Service (QoS) specifications. In UpStream, we also deal with
the load management problem for real-time streaming applications and take an
application-specific approach, but focusing on a differentproperty essential to a
common set of applications:update semantics.

Most data stream processing systems model their inputs as append-only se-
quences of data elements. In this model, the output streams that are delivered to
the end-point application are also interpreted as append-only, and therefore, the
application expects to receive a query answer on the complete input stream. How-
ever, there are many situations in which each data element (or a window of data
elements) in a stream in fact represents an update to a previous one, and therefore,
the most recent arrival is all that really matters to the application. For example,
a stock broker watching a continuously updating market dashboard might be in-
terested in thecurrent market value of a particular stock symbol. Similarly, in a
facility monitoring system, one might like to watch for thelatest 5-minute average
temperature in all rooms. In such applications with update semantics, the primary
goal is to provide the most up-to-date answers to the application with the lowest
staleness possible, as opposed to streams with append semantics, where providing
all answers with the lowest possiblelatency is more important.

Latency and staleness are related, but different quality metrics. Latency for a
data element captures the total time that it spends in the system (queue waiting
time + processing time) before it is made available to the output application, and
therefore, is a quality metric that is attributed to individual output tuples. On the
other hand, staleness is a metric that is attributed to the output as a whole and
is determined by subsequent input arrivals that affect thatoutput. An output will
have zero staleness as long as it reflects the result that corresponds to the latest
input arrivals. However, as soon as a newer arrival occurs that would invalidate
that result, the staleness of that output starts going up.

Under normal load conditions where the system can keep the processing up
with data arrival rates, staleness is a direct result of latency. In this case, staleness
of an output can be minimized by minimizing the latency of itsoutput tuples. For
this reason, append and update semantics in effect produce similar results for the
application. However, under overload, the situation is different. In this case, if
no load is shed, latency for a stream monotonically grows, and so does its stale-
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1 INTRODUCTION

ness. For streams with append semantics, various load shedding techniques have
been proposed to deal with the latency issue. These techniques necessarily re-
sult in inaccurate query answers, and the focus has therefore been on minimizing
the degree of this accuracy loss. However, none of these techniques take up-
date semantics into account, and therefore can not ensure a decrease in staleness.
Furthermore, accuracy loss is not a significant issue for applications with update
semantics since they are not interested in receiving all thevalues anyway. In this
respect, update streams naturally lend themselves to load shedding. What is miss-
ing is a framework that ensures that this is done in a systematic way to directly
minimize staleness.

UpStream defines aa storage-centric framework to efficiently processing con-
tinuous queries under an update-based stream data model. Asdiscussed above, the
primary goal is to provide the most up-to-date answers to theapplication with the
lowest staleness possible at all times. To achieve this, we developed a lossy tuple
storage model (called an “update queue”), which under high load, will adaptively
choose to sacrifice old tuples in favor of newer ones. Our technique can correctly
process queries with different types of streaming operators, while efficiently han-
dling large numbers of update keys with different update frequencies. In addition
to theoretical analysis results, we also present experimental evidence showing the
effectiveness of our algorithms via a practical simulator program as well as via an
implementation on top of a data stream management system prototype using both
synthetic as well as real datasets.

To summarize, UpStream makes the following contributions:

• a new update-based data stream processing model,

• a storage-centric load management framework for update streams based on
update queues,

• techniques for minimizing application staleness for non-uniform update key
distributions and sliding window queries, and

• theoretical and experimental performance analysis.

The rest of this report is organized as follows: We first summarize the related
work in Section 2. In Section 3, we describe the basic models and assumptions
that provide the context for the research problem that we areaddressing. Sec-
tion 4 introduces our storage-centric load management framework which divides
the problem into three orthogonal components, which we thenaddress in the fol-
lowing sections: Section 5 focuses on the problem of minimizing staleness by
frequency-sensitive update key scheduling; Section 7.2 describes how we can ex-
tend these techniques to queries with sliding windows in a way to ensure correct-
ness and low-staleness, while using the memory efficiently.A detailed description
of the underlying memory management mechanisms is providedin Section 7. Our
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2 RELATED WORK

theoretical and experimental analysis results are presented alongside with the cor-
responding techniques that we propose. Finally, we conclude with a discussion of
future work directions in Section 8.

2 Related Work

We summarize related work in three categories. First, we compare our work
against the directly related work in stream load management. Then we look at
two other non-streaming contexts, web database synchronization and materialized
view maintenance, where reducing staleness for updates hasalso been a concern.

Stream load management.The existing work in stream load management
treats streams as append-only sequences and therefore focuses mainly on mini-
mizing latency. Two classes of approaches exist. The first class focuses on load
distribution and balancing, while the second class focuseson load shedding. Load
distribution and balancing involves both coming up with a good initial operator
placement (e.g., [21]) as well as dynamically changing thisplacement as data ar-
rival rates change (e.g., [6], [22], [12]). In general, moving load is a heavy-weight
operation whose cost can only be amortized for sufficiently long duration bursts in
load. For short-term bursts leading to temporary overload,load shedding is pro-
posed. In load shedding, the distribution of operators ontothe processing nodes
is kept fixed, but other load reduction methods (e.g., drop operators, data sum-
maries) are applied on the query plans which results in approximate answers(e.g.,
[18], [5], [15], [20], [17]). All of these techniques focused on reducing latency
for applications with append semantics, and none of them provided storage-based
solutions.

Synchronization and freshness in web databases.Cho and Garcia-Molina
study the problem of update synchronization of local copiesof remote database
sources in a web environment [8]. The synchronization is achieved by the local
database polling the remote one, and the main issue is to determine how often and
in which order to issue poll requests to each data item in order to maximize the
time-averaged freshness of the local copy. In our problem, updates from streaming
data sources are pushed through continuous queries to proactively synchronize the
query results. Since the exact update arrival times are known, this gives our algo-
rithms direct control for synchronization. In a more recentwork by Qu et al, two
types of transactions for web databases have been considered: query transactions
and update transactions [14, 13]. The former must meet timeliness requirements
based on a deadline, while the latter must meet freshness requirements based on
a threshold defined in terms of the number of unapplied updates. A user satis-
faction metric is defined that combines the two, which needs to be maximized
using an adaptive load control scheme that performs admission control for query
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transactions and update frequency modulation for update transactions. The up-
date transactions in this line of work have a very similar semantics to our update
streams. The major difference of our work is due to our push-based processing
model: we do not separate query and update transactions, butrather, consider
updates and queries as part of a single process due to the continuous query se-
mantics. Finally, Sharaf et al propose a scheduling policy for multiple continuous
queries in order to maximize the freshness of the output streams disseminated by
a web server [16]. This work only focuses on filter queries. Furthermore, it is
assumed that occasional bursts in data rates are short-termand all input updates
are eventually delivered (i.e., append semantics). In our work, we focus on up-
date semantics, where delivering the most recent result in overload scenarios is
the main requirement.

Materialized view maintenance.Previous work on materialized view main-
tenance, done within the context of real-time database systems in particular, has
close relevance to our work. The STanford Real-time Information Processor (STRIP)
separates view imports from view exports. In this model, both the base data as
well as the derived data materialized as views must be refreshed as updates are
received (view import). Furthermore, read transactions onboth the base data as
well as materialized views must also be executed, with specific deadlines (view
export). As in web databases, this separation creates a tradeoff between response
time for read transactions and freshness for update transactions. Adelberg et al
proposes scheduling algorithms for efficient updates on base data [2], as well as
on derived data [3]. The focus of the former work is on transaction priority poli-
cies taking advantage of different importance values for different data objects as
well as arrival rate differences for update requests vs. read requests. The focus
of the latter work is on exploiting update locality by batching related updates into
a single recomputation on the view so as to deal with the high cost of applying
recomputations on derived views. Kao et al further extend these works by propos-
ing scheduling policies for ensuring absolute and relativetemporal consistency to
increase the number transactions that meet their deadlines[10].

3 Problem Context

In this section, we describe the basic models and assumptions that underlie our
work and define the research problem we are addressing.

3.1 Data Model

We model data streams as totally ordered sequences of tupleswhere each tuple
represents an update to the one before it in the sequence. Tuples in a stream are
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ordered in ascending order of a time field. Furthermore, one or more fields in the
stream schema can be designated as theupdate key. In this case, a tuple updates
a previous tuple with the same key value. For example, given astream of stock
prices in the form of (time, symbol, price) tuples, the symbol field represents the
update key. In this case, (09:01, IBM, 25) is an update on an earlier tuple (9:00,
IBM, 24). If no update key is specified, then each tuple in the stream is simply an
update of the one before it.

To generalize, anupdate stream consists of a sequence of relational tuples with
the generic schema (time, update-key-fields, other-fields). We assume that tuples
are ordered by time for a given update key and this per-key order is preserved
throughout the query processing. Furthermore, we assume that update key fields
are retained in the tuples throughout the query plan. These two assumptions are
important and have certain implications on query operator behavior, 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 continuous query takes an
update stream as input, and produces an update stream as output. Depending on
the mode of input and output data delivery, there are four possible basic continu-
ous query models. Figure 1 illustrates these alternatives.Unless otherwise stated,
we will focus on the push-push model in this report.

update
stream

Continuous
Query update

stream

periodic pull

push
or

End−point
Application

periodic pull

push
or

Data
Source

Figure 1: Continuous query models

As new update tuples arrive from the sources, the continuousqueries need to
be re-evaluated, refreshing a previously reported query result to reflect the most
recent state of the source data. Until new query results become available, the ap-
plication will rely on the most recently reported result. Therefore, updates have
to be processed and newer results must be produced as soon as possible. Other-
wise, the application may perform actions based on a value which is in fact stale
(i.e., superseded by a newer one) and therefore an inaccurate reflection of the real
world event that it represents.

Unlike append streams, where the application expects to receive query results
on all incoming tuples, in the case of update streams, the application needs to
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be updated only on the most recent values available from the data sources. This
introduces a new query processing model with a slightly different correctness cri-
teria. At any point in time, a query result which is produced by using the most
up-to-date input values is sufficiently correct compared toa query result which is
produced by using all of the available input values ever existed so far. In other
words, the application cares more about freshness than completeness. This is a
radically different semantics than that in the case of append-based applications.

Continuous queries are composed of a number of stream-oriented operators.
In this work, we focus on five such operators that are commonlyused in stream-
ing applications [9]. In what follows, we briefly describe these operators, with a
special emphasis on how they should behave under the new update-based stream
data model.

• Filter: Filter applies a predicate on each input tuple and drops the ones that
do not satisfy this predicate. Its behavior on update streams is the same as it
is on append streams.

• Map: Map transforms an input tuple into an output tuple by applying a func-
tion on it. In case of update streams, the function is not allowed to modify the
update key fields, since the key must be retained in the outputtuple.

• Aggregate: Aggregate groups an input stream into substreams by their group-
by fields and constructs sliding windows on each substream based on a given
window size and a window slide. Then an aggregate function isapplied on
each such window, producing an output tuple. In case of update streams, the
group-by fields must be a superset of the update key fields to beable to retain
them in the output1. We would like to note here that, since an aggregate op-
erates on a per-window basis, it essentially maps updates oninput tuples into
updates on windows, each corresponding to an output tuple. This difference
in operational unit must be taken into account in managing the updates in the
system, since output staleness will apply to whole windows rather than indi-
vidual input tuples. This is an important issue that we will discuss in detail in
Section 7.2.

• Union: Union is an n-ary operator that mergesn input streams into a single
output stream. In case of update streams, all inputs should not only have
the same schema, but also the same update key fields. Additionally, the merge
must be order-sensitive in that the total time order of the inputs for each update
key must also be preserved at the output. Furthermore, sincewe assume that
update streams have total order on time for a given update key, Union is not
allowed to produce multiple output tuples with the same timevalue for the

1In UpStream, we simply assume that the group-by fields are the same as the update
key fields. We will address the more general superset case as part ofour future work.
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same update key. For example, assume a Union with two inputs Aand B, and
that input A contains (9:00, IBM, 24). If input B also containsa tuple for IBM
at time 9:00, then Union must only keep one of these tuples, and the other
one should be dropped2. It is important to note that the order requirement
would cause Union to block in the case of append streams. However, in the
update streams case, it would be sufficient to deliver the most recent update.
Therefore, Union can deliver the youngest tuple in any of itsinput queues at
the time of processing, and then can simply drop the subsequently arriving
tuples on the other input queues that might have smaller timevalues than the
last delivered one.

• Join: Join is a binary operator that correlates two input streams based on a
window size and a predicate. Tuple pairs from two streams that coincide in the
same window are checked for the predicate, and the ones that satisfy the pred-
icate are concatenated to produce an output. In the case of update streams, in
order to retain the update key fields in the output, the join predicate is assumed
to implicitly include a condition on the equality of the key fields received from
both join inputs. Additional join conditions can be added asa conjunction to
this equality predicate. Note that it would be sufficient to deliver the most
recent match if there are multiple matching pairs in the joinwindow.

3.3 Quality of Service Model

In append-based streams, end-to-end processing latency isthe most important
QoS metric. Since all input tuples are expected to be processed completely, the
main focus is on minimizing the time that each tuple spends inthe system until
it is processed and a corresponding result is appended to theoutput stream. In
the case of update streams, it is more important to deliver the most current result
than to deliver all results with low-latency. Thus, the focus is on making sure that
a given query result is as much up-to-date as possible with respect to the conse-
quent updates arriving on its input streams. Thus, we use a different QoS metric,
staleness, in order to capture this goal.

Staleness metric was also used by previous work for bringingmultiple data

2Note that if the ”other-fields” (in this example, price) carry the same content,then
it does not matter semantically, which tuple is kept and which one is dropped. If not,
we would consider the input to be illegal since an update key can not be associated with
multiple values at a given time point (e.g., IBM’s price can not be both 24 and 25 at 9:00).
If such conflicts are expected to occur for the data sources involved in an application, then
the application can model that into Union implementation by stating which input source
should be taken as the truth. In general, for the sake of freshness, it would be 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 includingcache synchronization
and materialized view maintenance [4, 8, 11, 10]. The exact definition varies
depending on the problem context and is usually based on one of the following:
time difference, value difference, or number of unapplied updates. In our current
work, we use a time-based staleness definition. Staleness isa property that we
associate with each output substream that we deliver for each different update key
value through each continuous query. It shows how much a result tuple with a
certain update keyk falls behind in time with respect to more recent input arrivals
for k. Figure 2 illustrates our definition. In this example, thereis one continuous
query and a single update key value. Input tuples (shown withletters) arrive at a
rate of 1 update per 2 time units, while the query has a processing cost of 3 time
units per update. As soon as a new input update arrives, the staleness of the output
starts increasing with time. As soon as a new result is delivered, staleness drops.
If there are no newer input updates, then the staleness goes to zero. Otherwise,
it goes down by an amount based on the first invalidation time point where a
newer update was received. For example, tuple b arrived while tuple a was being
processed. When a’ is delivered, staleness only goes down to (now - arrival time
for b).

We can define staleness more precisely as follows. Assume an input streamI
processed through a continuous queryQ, with N distinct update key values. For
each output substreamOi, 1 ≤ i ≤ N with update key valueki, let si(t) denote
the staleness value at timet. Then:
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si(t) =











0, if there are no pending updates onI with ki

t − τ, whereτ is the arrival time of the oldest

pending update onI with ki

The average staleness ofOi over a time period fromt1 to t2 is:

si =
1

t2 − t1

∫ t2

t1

si(t)dt

Our overall goal is to minimize the averagesi over all output substreams of all
continuous queries in the system during a given system run time period.

3.4 Problem Definition

Based on the models we introduced above, we can define our research problem as
follows. We are given a set of continuous queries with updatesemantics, repre-
sented as a plan of operators. This query plan takes a set of update streams as input
and produces a set of update streams as output. Each update stream may also have
an update key, where each key may be updating at different rates over the course
of system execution. Given this setup, implement an adaptive processing frame-
work so as to minimize the average staleness of the result foreach update key over
all continuous queries in the system.

4 Storage-centric Approach

In this work, we take a storage-centric approach to load management for stream-
ing applications with update semantics. Our motivation fordoing so is threefold.
First of all, storage is the first place that input tuples hit in the system before
they get processed by the query processing engine. More specifically, input tuples
are first pushed into a tuple queue, where they are temporarily stored until they
are consumed. The earlier the update semantics can be pushedin the process-
ing pipeline, the better it is for taking the right measures for lowering staleness.
Second, it is rather easy and efficient to capture update semantics as part of a tu-
ple queue. For example, applying “in place updates” in a queue would be rather
straight-forward and also memory-efficient. Finally, a storage-based framework
allows us to accommodate continuous queries with both append and update se-
mantics in the same system, by defining their storage mechanisms accordingly. In
other words, one can selectively specify certain tuple queues as “append queues”,
whereas others as “update queues” without making any changes in the query pro-
cessing engine. This kind of a model is also in agreement withrecently proposed
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streaming architectures that decouple storage from query processing such as the
SMS framework [7].

In the rest of this section, we will first introduce the concept of update queues;
then we describe the design of our storage manager architecture to support the
implementation and optimization of different types of queues in the system.

4.1 Update Queues

Traditional append-based query processing semantics requires tuple queues be
modeled as append-only data structures with FIFO semantics. To support the new
update-based query processing semantics, we have extendedthis traditional model
with update queues. The main property of an update queue is that, for each distinct
update key value, it is only responsible for keeping the mostrecent tuple arrival;
older ones can be discarded3. One can think of update queues as having one data
cell per update key value, which is overwritten by newer values at every arrival.
Given this basic property, an update queue can still be implemented in different
flavors based on how update keys are ordered, how the underlying in-memory
data structures are managed, and how windowing semantics for sliding window
queries is taken into account at the queue level. We separatethese three issues
into three orthogonal dimensions in our storage framework.Next we describe the
storage manager architecture that encapsulates this design.

4.2 Storage Manager Architecture

Figure 3 shows the architecture of our storage manager. Storage manager in-
terfaces with input sources, output applications, and query processor through its
iterators. These iterators enable three basic queue operations: enqueue, dequeue,
and read. Input sources always enqueue new tuples into a queue, whereas output
applications always dequeue tuples from a queue. Query processor can enqueue
intermediate results of operators, while it can read or dequeue these back again
to feed into the next operators in the query pipeline. Storage manager also com-
municates with the statistics monitor in order to get statistics (e.g., key update
frequencies) to drive its optimization decisions. The underlying queue semantic
can either be a traditional append queue or an update queue. In UpStream, we
focus on the latter.

The update queue manager is broken into two main components.The key
scheduler decides when to schedule different update keys for execution. As we
will explain shortly in the next section, the key scheduler can choose to apply one

3For ease of presentation, we are simply assuming tuple-based queries here; extensions
to window-based queries will be provided later in Section 7.2.
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Figure 3: UpStream storage manager architecture

of several policies including FIFO, INPLACE, and LINECUTTING. The memory
manager component oversees page allocation, and for sliding window queries,
also takes care of window management. In our implementation, we handle key
scheduling, page pool management, and window semantic management as three
orthogonal issues. However, page pool management and window management
logically belong together as part of the memory manager component since they
both focus on space efficiency, while key scheduling is mainly concerned with
staleness.

5 Minimizing Staleness

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

5.1 Application Staleness vs. Queue Staleness

As presented in Section 3.3, computing application-perceived staleness involves
keeping track of several system events including successive arrivals into an up-
date queue, actual deliveries to the end-point application, and the relative order of
the occurrence of these events. All run-time components of astream processing
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5.1 Application Staleness vs. Queue Staleness 5 MINIMIZINGSTALENESS

system can influence these events, and therefore, the actualapplication-perceived
staleness. In UpStream, our goal is to be able to control staleness at the storage
level. In order to facilitate this, we introduce a new staleness metric calledqueue
staleness, which is simpler than the application-perceived staleness (let us call it
application staleness hereafter), yet can capture the essence of staleness while it
can also be directly measured and controlled at the storage level. This can greatly
simplify our storage optimization.

Queue staleness for an update key is determined based on how long that key
waits in the queue from the first enqueued update until the next dequeue for that
key. Thus, the actual processing cost is factored out of the application staleness.
Next we show that one can control application staleness by controlling queue
staleness.

application staleness
queue staleness
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Figure 4: Application staleness vs. Queue staleness

Figure 4 shows two staleness plots for a single update key: (i) solid line for
application staleness, (ii) dash line for queue staleness.The x-axis represents
the run time. As seen, updates first get enqueued into the update queue, then
dequeued for being processed, and finally get delivered to the application. The
overall average staleness would be computed by taking the area under a given
plot and then dividing it by the total run time passed. Instead of considering a
whole run, we will focus on a representative time interval that will repeat itself
at steady state, namely the middle part of Figure 4. For this part of the plot, we
can compute the area difference between the application andqueue staleness plots
(i.e., the dotted area denoted by∆) as follows:
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Figure 5: Application staleness vs. Queue Staleness

wherewait is the average queue waiting time (i.e., average over wait1,wait2,
wait3, etc. shown in the figure);cost is the average query processing cost; and
O is the overlap area that actually belongs to the next iteration, and thus must be
subtracted. Due to the overwriting behavior of the update queue,O is bounded as
follows: 0 ≤ O ≤ cost2

2
. Therefore,wait ∗ cost ≤ ∆ ≤ wait ∗ cost + cost2

2
. In

other words, the difference between two staleness metrics depends only onwait
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andcost. Sincecost is a constant andwait directly determines the queue stale-
ness, we can conclude that minimizing queue staleness also minimizes application
staleness. Thus, we can focus on the queue staleness metric for our optimizations.
Please note that the fact that we allow queue waiting time to vary and use an aver-
age queue waiting time in the equation makes is possible to generalize this result
to the case for multiple update keys.

We have also experimentally verified our above analysis. Figures 5(a) and
5(b) compares the two staleness metrics for a single key and amultiple key setup,
respectively. We show how overall average staleness measured in units of number
of updates scales with increasing load. In both cases, staleness grows in a similar
way and the difference between the two staleness metrics is determined by the
queue waiting time, which is solely a linear function of the load factor. Please
note that compared to Figure 5(a), in Figure 5(b), the queue staleness is inflated
by about a factor of 10, since there are 10 distinct update keys that have to wait for
each other in the queue, and this increases the queue waitingtime by a factor of 10.
However, the number of keys does not affect the difference between application
and queue staleness, which agrees with our theoretical analysis.

5.2 FIFO and IN-PLACE Update Queues

IBM2 INTC1 MSFT1 IBM1

(a) Traditional Append queue

IBM2 INTC1 MSFT1

(b) FIFO Update queue

INTC1 MSFT1 IBM2

(c) IN-PLACE Update queue

MSFT1 IBM2 INTC1

(d) Line-cutting Update queue

Figure 6: Update queue examples

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

• FIFO Key Scheduling: A FIFO update queue is one where tuples are ser-
viced in their arrival order, both for a given key and across all keys. Its main
difference from a FIFO append queue is that it is lossy: once anew value for
an update key arrives, it is inserted at the tail of the queue while the older value
for the same key, if already in the queue, is removed. In the example shown
in Figure 6(b), arrival of a new tuple for IBM (IBM2) at the tail of the queue
removes the old IBM tuple (IBM1) from its earlier position in the queue.

• IN-PLACE Key Scheduling: An IN-PLACE update queue is one where tu-
ples are serviced in FIFO arrival order within a key group, but not necessarily

14
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so across different key groups. Once a tuple with a certain key value gets into
the queue, it preserves its position in the queue even if a later value for that key
arrives and overwrites the older one. In other words, the oldvalue 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 update queue, a key group
in an IN-PLACE update queue does not waste the time it already spent wait-
ing in the queue if it gets superceded by a newer value. This way, key groups
can reduce their queue staleness. Thus, compared to a FIFO update queue, an
IN-PLACE update queue is already expected to provide a staleness-improving
optimization beyond the basic update queue functionality.
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Figure 7: Append queue vs. Update queue

We compared the performance of FIFO and IN-PLACE update queues (UQ-
FIFO and UQ-INPLACE, respectively) against traditional FIFO append queue
(AQ) and its random load shedding counterpart (AQ-RLS). Figure 7 shows that
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5.3 Linecutting 5 MINIMIZING STALENESS

these baseline key scheduling policies significantly improve average staleness.
Next we show that, in fact, IN-PLACE policy results in the lowest average

staleness that can be achieved when the update frequencies of the update keys are
uniformly distributed.

Considern update keys, each updating uniformly at the same expected fre-
quency value. In other words, we assume that arrival of each update keyki simply
follows a Bernoulli probability distribution with parameter pi, and that for all keys
ki, 1 ≤ i ≤ n, we are given thatp1 = p2 = . . . = pn. Thus, for a run ofm up-
dates, we expectpi ∗ m = 1

n
∗ m of them to be for keyki. Let ei denote the

very first enqueue time forki (i.e., more than one updates forki may have arrived
and overwritten that first update, but we only care about the first dequeue time
since that determines the queue staleness). Without loss ofgenerality, assume that
e1 < e2 < . . . < en. Then at any time pointt, the queue staleness for these keys
must be such thats1 > s2 > . . . > sn. When we dequeue keyki for processing,
then the queue staleness of that keysi becomes 0 until the next enqueue onki

occurs. In the mean time, whileki is being processed, for allj, 1 ≤ j ≤ n, j 6= i,
sj will grow by an amount ofcost, causing the queue staleness area for that key to
grow by an amount ofsj+(sj+cost)

2
∗ cost. To minimize the total area growth for all

the undequeued keys,ki with the highestsi must be chosen for dequeue. In other
words, we must choose the key with the earliest first enqueue time ei (i.e., in our
scenario,k1 must be chosen). This argument applies independent from howsoon
the next enqueue for the chosen key occurs, since the update probability across all
keys is assumed to be uniform in the first place.

The IN-PLACE update queue behaves exactly the way described above. It is
guaranteed that the first enqueue time of any update key in theIN-PLACE queue is
definitely earlier than all the others behind that key in the queue. Therefore, once a
key gets to the head of the queue, it is the one with the earliest first enqueue time as
well as with the largest queue staleness across all keys. As aresult, the IN-PLACE
key scheduling policy ensures that the overall average staleness (application as
well as queue) is minimized for a uniform distribution of update key frequencies.

5.3 Linecutting

The previous section showed that IN-PLACE key scheduling policy can not be
beaten if all keys update at the same frequency. However, often times the update
frequencies are not uniform. Figure 8 illustrates this situation for financial market
data taken from NYSE Trade & Quote (TAQ) database for a trading day in Jan-
uary 2006 [1]. More than 3000 different stock symbols (i.e.,update keys) were
involved, and the most active of these updated for 4305 timeswhereas the least
active one updated for only once during the corresponding day. Is IN-PLACE key
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5.3 Linecutting 5 MINIMIZING STALENESS

scheduling policy still the best that we can do for such non-uniform update fre-
quencies? If not, how can we exploit the differences in update frequencies to find
a better scheduling algorithm?

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

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

• Non-uniform key update frequencies: Normally, IN-PLACE treats all keys the
same so that all of them wait for the same amount of time in the queue. This
time is proportional to the queue length multiplied by the cost for processing
a tuple. Therefore, by speeding up occasional residents of the queue by letting
them to the front of the queue allows for a queue wait time per key to be
changed in correlation to its update rate.

• Bursty loads: Slow updaters may update all at once or at least in a very close
time vicinity of each other. Between such bursts, staleness for such keys will
remain zero, and whenever a burst happens, the system must switch focus into
updating the application with the slow ones, by allowing theslow updaters to
cut into the front of the queue.

The key point here is to be able to immediately identify the slow updaters when
they arrive. Slow updaters are the keys that have such slow update frequencies that
between two updates, all other more faster updaters that arein the queue have time
to be scheduled at least once. Formally, ifuk is the update rate of a slow updater,
then the following inequality should hold:uk < 1/c ∗ n, wherec is the cost for
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Figure 9: Linecutting

processing one tuple, andn is the total number of residents in the queue at the time
whenk updated. Our LINECUTTING algorithm works by testing this inequality
for each new arrival; in case of success, the key will be allowed to cut into the
front of the queue. Otherwise, the IN-PLACE update policy applies.

To test the effectiveness of our algorithm in minimizing staleness, we con-
sidered a non-uniform distribution of update keys containing two categories of
updaters: very slow and fast. For example, given 10 keys, outof which, 9 keys
update 10 times more than the 10th key would be such a distribution. For testing
this heuristic, we have varied both the load factor and the number of slow updaters
in the distribution. Figure 9 shows our result for when load factor was 5. On the x-
axis, we vary the number of slow updaters in our 10-key dataset, and on the y-axis,
we show queue staleness ratio between IN-PLACE and LINECUTTING. When
we have no/all slow updaters (i.e., x=0/x=10), both algorithms perform exactly
the same (i.e., y=1). As we increase the number of slow updaters, we start seeing
the benefits of the LINECUTTING heuristic. At 8 slow updaters,the have the
highest benefit, and then we see some drop. This is due to the fact that too many
slow updaters start satisfying the linecutting condition,and therefore the queue
starts behaving like an IN-PLACE queue. Note that we repeatedthis experiment
for other load levels as well, and obtained a similar result.In conclusion, under
non-uniform key update rates, sufficiently slow updaters tocut into the front of
the queue decreases overall average staleness for all update keys.
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6 WINDOWING

6 Windowing

In this section, we focus on describing how to apply update semantics for win-
dowing queries. We begin by listing the assumptions and requirements for the
window-aware update model. Then, we describe two techniques, EAGER and
LAZY, for processing windows under update semantics. Finally, we 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 windows overthe input stream. We
discuss the windowing semantics in the same context as described in [19]. A
windowing operator (Aggregate) defines windows on the input stream by specify-
ing when to open a window (δ: window slide) and when to close it (ω: window
size). The Aggregate operator can apply a series of aggregation functions (e.g:
min, max, average, count, etc) on the contents of the window.The computation
is applied incrementally as tuples update the window. A state is maintained for
each open window that represents the partial computation onwhat has arrived so
far. Windows can be tumbling (ω = δ) or sliding (ω > δ) in time. The time
taken into consideration by the operator is that of the data source, rather than the
system time. Aggregate defines windows on a per-key basis, where the key is the
group-by attribute.

6.1.2 QoS model revised

Updates are applied in units of windows. We will show later inthe section how
we define the most recent update when we introduce the update-based windowing
semantics. However, no matter how this is defined, stalenessgrows with every
fully-arrived unprocessed window. The interpretation is that a result can be gen-
erated and the application updated only after a full window has been dequeued
and processed. The processing cost for a window (that is, fora full update) is
expressed differently than in the tuple-based scenario, where the load factor in the
system was given by the amount of updates per processing costper update. In
the windowing case, the cost per window (cost for updating the application)CW

must account for the processing cost per tupleCt, the number of tuples within the
window (ω) and the degree of overlapping between windows (o = [ω

δ
]). Ideally,

this is given by the following formula:

CW = Ct ∗
∑o−1

i=0 (ω − i ∗ δ)
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6.2 Windowing techniques 6 WINDOWING

Ct ∗ ω ≤ CW ≤ (o + 1) ∗ Ct ∗ (ω − o
2 ∗ δ)

In the case of window-aware load shedding,i can vary between0 and(o −
1). Because of this variation, for the windowing update semantics we decided to
provide a deterministic cost estimation, which is the lowerboundary. This means
that the Aggregate will not open a new window until the current one finishes and a
result is produced. However, as we will see later on, this does not mean that we do
not allow overlapping windows. It is just a matter of postponing the decision until
we know for sure that the window we committed to represents the most recent
update. Another reason for doing this is in the interest of fairness towards all
keys. In conclusion, the cost model for windowing updates has two components:
cost for processing a tupleCt and the window sizeω.

6.1.3 Window drops

Our storage-centric approach imposes we shed updates as soon as they become
older. Since, in the present case, an update is represented by a window, we need
to provide the proper mechanism for storing current window tuples and getting
rid of expired ones (belonging to windows that have become old). The update-
based windowing semantics must make sure to preserve windowintegrity when
dropping windows. We do this by leveraging the tuple markingscheme proposed
by Tatbul et. al [19]. In order to facilitate such a requirement, the update queue
and the operator must work together. The update queue keeps track of the most
recent window update. To do this, it employs the same mechanism for delimiting
windows as used by the operator. When it is time to open a new window for pro-
cessing, the queue will mark that window with a non-zero window specification.
Older windows are marked with0. On the other side, the operator will open win-
dows selectively based on the window specification marks. Inother words, the
operator is stripped down of the window delimiting functionality which is better
suited in the queue. Table 1 gives the possible actions that the operator might do
upon reading a tuple from the queue, based on the winspec values4.

6.2 Windowing techniques

We apply the update semantics for windowing consistently with the tuple-based
scenario. More specifically, we have to define the most recentupdate (MRU )
rule for windows, which our windowing semantics are based on. For tuple-based
updates, theMRU t rule says that each new arrival(t, x, valt) for keyx overwrites

4Throughout this section, we will be discussing windowing semantics applied toone
Aggregate operator. Handling more complex queries can be done by takinginto consid-
eration the query level window specification as described in [19]
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Table 1: Relevant operator actions
t win spec relevant action

τ > 0 open windowW (start, end)
wherestart = t andend = τ ,
update(W, t)

0 do not open window, update(W, t)
−1 update(W, t)

t=end[W] don’t care emit result forW

the previous unprocessed one ((t − 1, x, valt−1)). For the windowing case, we
consider updates in terms of windows. When we process a windowfor a key, 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 committed windows comply
with theMRU rule. Consider that a tuple(t, x) for keyx has just been enqueued.
TheMRUw rule for windowed updates can be stated in two ways:

1. MRUw
L : a window Wi is more recent than a windowWi−1 if both are

fully arrived (all the tuples in the window have timestamps less thant) and
Last[Wi−1] < Last[Wi] ≤ t. This is the basis for theLAZY windowing se-
mantics which will be discussed in detail in section 6.2.1. Basically, under
such semantics, the operator commits to a window after it hasfully arrived
and the update queue drops on window closers.

2. MRUw
E : a windowWi is more recent than a windowWi−1 if Wi is partially

arrived andFirst[Wi−1] < First[Wi] ≤ t. This is the basis for theEA-
GER windowing semantics which we will discuss in section 6.2.2. In this
case, the operator commits eagerly to the most recently started window even
though it hasn’t closed so far. The update queue performs drops on window
starters.

An important issue that differentiates tuple updates from windowed updates is the
fact that for windows a dequeue takes longer (as long as the length of a window).
When the operator is ready to serve a key, it will commit to the most recent win-
dow for that key, in the sense described by the windowing semantics. Once this is
done, the key is extracted from the queue and placed in processing state, at which
time the operator starts dequeuing tuples from that window for as long as there
are any available (in the EAGER case, a window is committed toeven though it
hasn’t fully arrived). In order to accommodate such a constraint, we extended the
KeyScheduler by assigning states to keys. A key travels through the Key Transi-
tion Graph (KTG) starting from the moment when the system receives updates for
it, to the moment the system updates the application.
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We identified the following states to describe the lifecycleof a key:

• ENQ: the start state. In UpStream, the lifecycle of a key starts in the storage
with an enqueue.

• WAIT: a key enters this state immediately after enqueue. It is used to buffer
keys while other keys are being served. The KeyScheduler maintains a
queue of keys in this state -wq. The relative ordering of keys inwq is given
by the heuristics employed by the KeyScheduler (e.g IN-PLACE). When a
key first enters this state, its queue staleness starts growing.

• READY: once the operator is prepared to serve another key, it extracts the
one that lays in the head of thewq list and places it in this state, to mean
that the operator is committed to the key. Hence, it is no longer waiting,
its queue staleness will go down to0 and its application staleness will go
down once the processing concludes (to a value of0 only in the absence of
pending updates). It may happen that the Aggregate operatorhas committed
to more than one window but belonging to distinct groups (keys). Therefore,
we keep a queue of keys that are under processing at the same time called
upq.

• IDLE: this state was introduce to strictly accommodate the update-based
windowing semantics. The operator will try to consume tuples from a com-
mitted window as long as there are any available. Otherwise,the key will be
made IDLE in order to make room for other keys that are probably waiting.
An idle key will get back in theupq after new arrivals. Idle keys are kept in
an unordered list calledil.

• DONE: the final state. Once the processing for a key finishes, it is removed
from upq. In UpStream, the lifecycle of a key ends with updating the appli-
cation.

It is important to note that it is possible for a key to be in more than one state
at the same time. For instance, in the context of overload, a key may be found
in the WAIT and READY/IDLE states at the same time. This means that the key
is under processing, but while doing so, new updates have arrived which would
eventually cause an increase in staleness.

Figure 10 shows the general Key Transition Graph, independent of the win-
dowing semantics. The conditions for transition between states are as follows:
isUpdate(t,K) is a verification of theMRUw condition. At enqueue, the KeySched-
uler usesdoPromote(t,K) to check whetherK must be reintroduced into READY
state. At dequeue,isAvail(H) verifies whether the committed window has more
tuples.
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wl H
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(t, K)

Figure 10: Key Transition Graph

In order to separate between the READY state and the WAIT stateat the stor-
age level for one key, we provide an infrastructure for writing, overwriting (updat-
ing), deleting and reading during the enqueue and dequeue operations. The fixed
part of such an infrastructure - which we call a Window Buffer -is thedequeue
buffer which holds the tuples of the committed window. The hot part of the Win-
dowBuffer is theenqueue buffer where window tuples accumulate as they arrive.
Moreover, it is the enqueue buffer that handles drops in terms of windows.

The instantiation of the KTG state transition triggers as well as the Window
Buffer flavors will be further discussed in the context of the two windowing se-
mantics.

6.2.1 LAZY windowing semantics

The LAZY windowing semantics are a direct adaptation of the tuple-based update
semantics: the operator will only commit to a window that hasfully arrived and
that is the most recent one, according to theMRUw

L rule. First, we will show
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an instantiation of the KTG state transition triggers for the LAZY windowing
semantics. Then, we will give the behavior of the LAZY WindowBuffer. Finally
we will exemplify with an execution trace.

In the LAZY case, we commit to fully arrived windows. This means that a
key in READY state will never run out of tuples and therefore, no key will ever be
IDLE. The only thing that we have to define for the LAZY windowing semantics
is the instantiation of theisUpdate(t,K): it will return true if and only ift closes
a window for keyK.

commit point

dequeue buffer

enqueue buffer

(a) LAZY Window Buffer behavior
commit point

enqueue buffer

dequeue buffer

(b) EAGER Window Buffer behavior

Figure 11: Window buffers

Figure 11(a) shows the behaviour of the LAZY Window Buffer foroverlap-
ping sliding windows. The enqueue buffer consists of a list of window structures,
one for each window starter that is in the current scope. The window structure
that contains the most recent fully arrived window is alwaysat the top of the list.
Overwriting happens by replacing the dequeue buffer with the newest top of the
enqueue buffer. The event that triggers an overwrite/drop is the occurrence of a
window end. The enqueue buffer can contain as many aso window structures5.
At commit point, the top of the list of window structures in the enqueue buffer is
flushed to the dequeue buffer. The tuple corresponding to thewindow starter in
the dequeue buffer is marked according to the schema described in section 6.1.3.
All the window starters that are part of the enqueue buffer are marked 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 LAZY windowing

semantics. We considered one key,ω = 3, δ = 1 andCt = 2. On the dequeue and
results timeline, we depicted the queue and application staleness, respectively.I
denotes a new arrival for the key, whileU indicates an update to the key that is
already waiting in the queue. Both queue and application staleness are computed
on window ends. Therefore, by the equivalence between tuple-based updates and
window-as-a-whole updates, the relationship between queue and application stal-
eness is preserved.

updates

dequeues

arrivals
2 3 4 5 6 7 8 9 10 11 12 13 141 15 16

I U U U U UI I U U U U U I

operator
W(1,3) W(7,9) W(13,15)

(1,1) (1,2) (7,1) (7,2) (7,3)(1,3)
results[1,3] [7,3]

1 2 3 7 8 9 13

AS = 5.5

(a) LAZY Window Buffer

(1,1) (1,2) (7,1) (7,2) (7,3)(1,3)

updates

dequeues

arrivals

I U U U U UI I U U U U U

1 2 3 7 8 9 13

I

2 3 4 5 6 7 8 9 10 11 12 13 141

operator
W(1,3) W(7,9) W(13,15)

results[1,3] [7,3]

window
size

AS = 4.4

(b) EAGER Window Buffer

Figure 12: Execution traces forω = 3, δ = 1 andCt = 2
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6.2.2 EAGER windowing semantics

The EAGER windowing semantics are a combination of append-based window-
ing and update semantics: the operator commits to the lateststarted window and
eagerly tries to process window tuples as they arrive. As we will show in our
example and our experiments, we expect the EAGER approach tooutperform the
LAZY one in terms of application staleness. However, it is less deterministic
than the LAZY approach, since windows may have gaps, especially when there
are multiple keys updating at the same time. On the other hand, since updates
are considered at each window starter, queue staleness is computed on window
starters whereas the application staleness is computed on window closers. We
shall prove that the relationship between queue and application staleness is still
monotonic6.

First, we describe the instantiation of the KTG state transition triggers:

• isUpdate(t,K): returns true if and only ift starts a new window forK.

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

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

The behavior of the EAGER Window Buffer is shown in figure 11(b). Over-
writes happen on window starters. Therefore, the enqueue buffer is always emp-
tied when a new window starter arrives. This means that the enqueue buffer will
always contain the most recently started window. At commit point, the enqueue
buffer is flushed to the dequeue buffer. The marking is done the same way as in the
LAZY case. Subsequent tuples are placed both in the enqueue buffer (as long as
they belong to the most recent window that is not committed) and in the dequeue
buffer (as long as they are in the scope of the currently committed window).

Figure 12(b) shows an example of an execution trace for EAGERwindowing
semantics. One can observe a mismatch between the absolute values for queue
and application staleness. This is because they are computed at different points:
window starters and window closers, respectively. However, if we look at the
first committed window starting at time 1, the key starts waiting in the queue
when a new window starts at time 2. On the other hand, from the application
perspective, the window that closes at time 4 invalidates the output for window 1,

6In our evaluation of the windowing semantics, we will use only application staleness
as a metric for comparison. Queue staleness is a metric to evaluate the heuristics, whereas
application staleness offers an evaluation of the whole system.
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given at time 7. Since the invalidators of both metrics belong to the same window
(starter and closer), we can easily conclude that the relationship between queue
and application staleness is preserved.

6.3 Evaluation

6.3.1 Windowing semantics
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Figure 13: Windowing semantics

In this section, we will show experimental results on the performance of the
update-based windowing semantics. We start off by comparing our strategies with
the traditional append style of windowing and a load shedding variation on that.
We show this comparison by isolating the windowing semantics effects from those
of the heuristics, therefore we are using only one key. Secondly, we will compare
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6.3 Evaluation 6 WINDOWING

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

Here, we want to show the performance of the windowing strategies with-
out worrying about key scheduling and arrival patterns across keys. For these
experiments, we considered varying the window size, while looking at tumbling
windows (δ = ω) and overlapping windows which slide at each tick (δ = 1).

In figure 13(a) we compare the effects of the EAGER and LAZY windowing
semantics on the application staleness when windows are tumbling. One can see
that for the latter one, staleness grows linearly with the window size. This is
because windows are processed as a whole only after they arrive, which causes
the staleness to account forCt ∗ ω. On the other hand, for the EAGER case,
windows are processed on the fly and staleness grows forCt time units after the
window has closed (in the simple tumbling scenario withCt = 1). This means that
staleness will have the same absolute values no matter the window size. Hence,
by taking the average while increasing window sizes, staleness for the EAGER
case decreases asymptotically.

Figure 13(b) shows a comparison between the append and update windowing
semantics. For the append case, we considered the traditional process-everything
way and a load shedding variation that randomly drops windows. For the update
part, we show results for our windowing approaches: EAGER and LAZY. The
results clearly show that the latter outperform even the random window shedding
which would drop more or less the same amount of windows as theupdate se-
mantics would. For this graph, we varied the window size while keeping the slide
constant at 1. The random window shedding offers pourer performance with in-
creasing load (window size), since it doesn’t try to produceresults for the latest
windows. Moreover, the randomness in dropping windows may cause the opera-
tor to commit to multiple windows at the same time, which falls into the area of
the tumbling snowball effect: with each window that the operator opens, the cost
for producing a result for previously opened windows grows7.

6.3.2 Multiple keys and arrival patterns

So far, we have seen that EAGER outperforms LAZY for the 1-keyscenario.
However, even from the model definition for EAGER, one can anticipate it might
perform worse if there are gaps in the windows. A gap in a committed window,
means that the key is placed in IDLE state. It will get back in READY state only
upon subsequent arrivals within the scope of that window. However, when this
happens, other keys may be already in the front of theupq list and this key will
be placed at the tail, waiting for the others to finish. In order to examine this

7Here, 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 arrival and update patterns
across multiple keys.

We considered four distributions: three ZipF distributions generated by vary-
ing theθ parameter from0, 0.5 to 0.9 and a uniform distribution with uniform
arrival order among keys (e.g. 1,2,1,2,etc). Figure 14 shows the results of exper-
imenting with these distributions for 10 keys,Ct = 1 while varying the window
size and keeping the slide fixed at 1. The heuristic we used wasIN-PLACE. The
comparison between EAGER and LAZY is done by performing a ratio of their
application staleness values. The results show that EAGER performs worse than
LAZY for the ZipF distributions. This is to confirm our expectations about the
problem that the EAGER windowing semantics may have with gaps. One can
also observe that the difference between EAGER and LAZY is more prominent in
the first part of the x-axis than in the second one. This can be explained by the fact
that across runs, the size of the gaps remains the same for thesame distribution,
but the window size grows which means that the number of updates decreases.
Having more updates (for smaller window sizes) causes greater staleness values.

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

7 Memory Management

Here, we describe the update queue, a storage-centric implementation of update
semantics within a stream processing engine. First, we givethe overall assump-
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tions that underlie the update-based memory management. Then, we go into detail
about our mechanisms for performing efficient management ofin-place updates
for the tuple-based and window-based scenarios.

A query network in our system consists of operators that are connected by
arcs. Arcs represent the flow of data between operators. Associated with each arc
is a tuple queue. Input tuples from the data sources as well astuples resulting from
operator execution are pushed into these queues. Tuples in aqueue are consumed
by their destination operators when these operators get scheduled for execution,
or are delivered as query results if the tuple has reached to an output arc in the
query network.

Generally speaking, any tuple queue within the query network can also be an
update queue. However, to make things simple, we present thesituation where
the update queue applies only on input streams. An update queue is a shared
resource between the facility for enqueuing tuples from streams and the Query
Processor which consumes tuples from the update queue and feeds them to the
query operators.

In order to handle the various aspects of the update-based model, the underly-
ing storage management system implements the following functionalities:

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

• overwriting: within a substream for a keyx, each new tupleTuple(t, x, valt)
overwrites the previous one (Tuple(t − 1, x, valt−1)).

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

• memory management: tuples for each key are stored in the main memory.
The system Storage Manager preallocates a chunk of main memory (Page-
Pool) from which all tuple queues in the query network are allocated space
on a per-page basis. Traditionally, a tuple queue is a FIFO queue which
is conveniently stored as a contiguous memory zone split among aligned
pages. This enforces a sequential memory access for both reads (dequeues)
and writes (enqueues). However, in our update-based model,dequeues do
not happen in the arrival order across tuples, as is the case with append
queues. This yields a random memory access pattern and to solve this, our
Memory Manager implements an on-demand paging mechanism for effi-
ciently keeping track of key data.
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Figure 15: Update queue

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

The KS layer implements various key ordering heuristics, such as FIFO or
IN-PLACE. For the purpose of our heuristics, the underlying implementation is a
double-linked list of key cells - called Queue of Keys (QoK) -which 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 specificto each heuristic.
An update queue operates in the following way:

• 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 information in the
key cell, the system asks the Memory Manager to allocate a newlocation
for this key or use the one already pointed to by the key cell. The former
case happens if this arrival for key “x“ is the first after the last dequeue for
this key. To facilitate this case, the Memory Manager keeps two pointers:
next available page (nap) andnext available location (nal). These pointers
are updated after each new allocation by the Memory Manager to indicate
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7.1 Paging Mechanism 7 MEMORY MANAGEMENT

an empty location where we can add tuples. After physically copying the
tuple to the computed location, the system calls the Key Scheduler with key
“x“ in order to add it to the QoK according to a specific heuristic.

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

The Key Scheduler operates according to the heuristics explained in the previous
section and the implementation is straightforward. Next, we focus on the memory
management mechanism underlying the update queue.

7.1 Paging Mechanism

The problem that arises from implementing a random access memory manager
is that it results in page fragmentation. In order to minimize page fragmentation
and memory proliferation, we implemented anon-demand paging mechanism that
allocates only the necessary pages from the PagePool and maximizes space uti-
lization within a page. This mechanism performs garbage collection eagerly, so
that when all the locations within a page are freed, the page is returned to the
PagePool.

The basis for the on-demand paging mechanism is the use of an additional
data structure called the Empty Locations Pool (ELP). This pool stores the pages
that are in use at the moment and have available locations. For each such page,
the ELP simply stores the list of available locations. Basically, the operation of
the on-demand paging mechanism is this:

• at enqueue (this only happens if key needs a new location!): grab the first
page from ELP and from that page, the first available locationstored in
ELP. If it turns out that ELP is empty, this means either all pages have been
garbage collected, or all pages that are in use are full. Hence, the mechanism
will ask the PagePool to allocate a new page. Next, we need to update the
next available page pointer to prepare for the next locationrequest.

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

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

MemAdd()
if (nap.isEmpty())
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if (ELP.isEmpty())
new_p = PagePool.alloc()
ELP.add(new_p,{})
nap = new_p
nal = first(new_p)
return

else
p = ELP.select()
nap = p
nal = pick_avail(p)

else
nal= pick_avail(nap)

MemRem()
if (!ELP.contains(dp))

ELP.add(dp, {dl})
else

ELP[dp].update(dl)

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

7.2 Window Manager

Here, we want to introduce the extensions to the storage system in order to support
windowing over update streams. Our windowing model assumesthe following:

1. Windowing operators perform group-by aggregates on streams.

2. We target sliding windows specified by a sizeω and a slideδ.

3. Windows are time-based and the time taken into consideration by 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 update is the most
recently started window. This invalidates the previously started (or closed)
window.
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6. Staleness grows with every fully-arrived unprocessed window. The inter-
pretation is that a result can be generated only after a full window has been
dequeued. Hence, based on the update semantics, staleness grows for every
disregarded window.

7. Correctness: we disregard older windows and keep the most recent ones.
However, the windowing operators maintain a state by examining the input
stream and opening windows at well defined points in time given the size
and slide specification. Therefore we need to make sure that we preserve
window integrity and we do this by leveraging the tuple marking scheme
proposed by Tatbul et. al [19].

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

Next, we describe the window-aware memory management mechanism that
uses the window size and slide specifications to perform window-based updates.

Tuple-based update semantics implies that each individualtuple represents an
update to the previous one for the same key. This means that the length of the
queue for each key is 1 at all times (except dequeue times, of course, when the
queue is empty). The window-based update semantics assumesthat we overwrite
based on windows rather than on tuples. The queue for one key is now bigger
since we must allow window tuples to accumulate before we decide anything
about overwriting the current full or partial window. In order to support tuple
accumulation for one key, we add a new data structure to the Key Cell which we
call aWindow Buffer (one for each key) and we define an extension to the memory
management mechanism in order to efficiently keep track of the Window Buffer
contents across memory pages and be able to provide sequential access inside the
Window Buffer.

The append-based model assumes sequential access to the memory where tu-
ples are stored: enqueue at the tail and dequeue from the head. If we aligned
pages together, we would get a virtually contiguous memory zone between the
enqueue location (newest tuple) and dequeue location (oldest tuple). However, in
the update-based model, we are dealing with random memory access and, as we
have seen in the previous section, we must keep track of the memory locations
for each key. In the windowing-based processing, we are faced with the problem
of storing multiple tuples belonging to forming windows forone key and keeping
track of them in an efficient way. We solve this with the addition of 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 store tuples with
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the property of being consecutive (arrival time-wise) and belonging 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 memory zone. A
memory block is represented inside a structure which we calla FixedLength-
ContiguousZone (in short: FLCZ) that encapsulates the following informa-
tion about the block:

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

(b) block offset: the offset within the page. The address of the block start
is computed asenclosingpage + blockoffset ∗ blocksize

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

(d) enqueue offset: when we add tuples to a block, we do it after the loca-
tion corresponding to this offset. The enqueue and dequeue offsets are
incremented with each tuple that is added and respectively,with each
tuple that is removed. These offsets enforces the fundamental prop-
erty of a FLCZ: that of ensuring sequential access inside the block. If
the dequeue offset gets past the enqueue offset than the block is empty
and it can be deallocated. If the enqueue zone gets passed themaxi-
mum number of tuples in a block, then the block is full and we need
a new one for future enqueues. Allocation and deallocation of blocks
yield a call to the Memory ManagerMemAdd() andMemRem().
The allocation unit within a page is now a block rather than a single
tuple. However, the Memory Manager will apply the same on-demand
paging mechanism.

The Window Buffer is a double-linked list of FLCZ structures with an inter-
esting property. By following the NEXT links from a structureto the other in the
list and by considering the sequential access property enforced by each structure,
then we can define a partial order relation ‘<′‘ on these structures and the memory
locations that they refer. Let(B,L) be a pairing between a blockB (represented
by a corresponding structure in the WindowBuffer) and a location L within that
block. Assuming two pairings(B1, L1) and(B2, L2), the question is what defines
(B1, L1) <′ (B2, L2) as true. If the windowing field is time-like, then it is enough
to make the previous statement equivalent toTS[L1] < TS[L2], whereTS[L] is
the timestamp of the tuple stored at locationL and ‘<‘ is the partial order rela-
tion defined on ordered natural numbers. This assumption is valid in our model.
However, if the windowing field was not time-like, then the ‘<′‘ relation would
have to be defined differently. Maintaining such an orderingis important when
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we perform update in terms of windows. The main constraint isto be able to pre-
serve window integrity when we overwrite at enqueue time or block a window for
processing at dequeue time.

The Window Buffer is maintained with the help of four pointers. ET points to
the block (and location within the block) where we last enqueued a tuple. DF is the
block where we dequeue tuples from. WS indicates the most recent window starter
and WE indicates where the currently processed window ends oris expected to
end. The Window Buffer works like this:

• at enqueue: set ET to the current enqueue location. If ET is a window
starter, than we erase the currently accumulated window between WS and
ET and start a new one. Erasing is not permitted if WS falls inside the
scope of a blocked (under processing) window. Regarding the tuple marking
mechanism, all window starts are marked with DISALLOW at enqueue.
Under these update semantics, the window buffer can reach only a size of
maximumω + δ − 1.

• at dequeue: commit to the window indicated by the current WS. This makes
it the latest window. At this moment, we give an expected value for WE and
we allow tuples to accumulate in the buffer until the window is closed. For
tuple marking, the current WS is remarked with ALLOW and the mark is
set to the estimated WE.

7.3 Evaluation

In this section, we want to show space efficiency of our memorymanagement
techniques through experiments conducted on our prototypesystem implementa-
tion.

In order to have a comparison term, we have developed a naive implementation
of memory management for update streams which behaves the following way.
When a tuple for a key is dequeued, the Key Scheduler removes itfrom the queue
of keys but the Naive Manager does not release the memory location occupied
by the tuple. Therefore, a Key Cell always keeps its memory location. At each
enqueue, the Naive Manager must only lookup the Key Cell without trying to
compute a new location if that key has no memory allocated. With this approach,
the space requirements amount to exactly how many keys we have. This situation
is similar to having a preallocated space for all the keys. Inthe windowing case,
the naive approach imposes the existence of a preallocated space for the window
buffer. This space would amount to the maximum that the window buffer could
reach under the described update semantics.

We compared our on-demand paging approach with the naive approach using
the following experimental setup:
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Figure 16: Various update rate distributions

• we used several datasets with uniform and skewed distribution of 100 keys.
In order to vary the skewdness between key update rates we used the ZipF
distribution. We varied theθ parameter between 0 (uniform distribution),
0.3, 0.6 and 0.9 (very high skewdness).

• we sent tuples into the system at increasing rates between 20and 1000 tu-
ples per second while keeping the processing rate (or dequeue rate) constant
at 10 per second.

• each experiment runs for the same amount of time equivalent to delivering
1000 results to the application.

• 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 different distribu-
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 usage whilevarying theθ
parameter (see Figure 16) and the load factor (see Figure 17). The on-demand
paging mechanism performs better in terms of effective usage of allocated space.
When we increase the load in the system, this means that more keys update be-
tween two consecutive dequeues. When we increase skewdness among the key
update rates, this means that the queue is smaller on averagethan in the uniform
distribution case. Figures 16(a) and 17(a) show that the on-demand paging mech-
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anism maximizes the usage of the allocated space. A value of 1means that no
matter the distribution, this mechanism does not introducedirty locations. On
the other hand, while increasing skewdness, the naive approach uses the allocated
space (in the order of number of keys) less efficiently since there is no need to
keep locations for keys that are updating slowly. If we vary the load factor, the
effective usage for the naive approach is low for small load factors but it improves
while the time between two dequeues increases. If we look at the average usage
(Figures 16(b) and 17(b)), the naive approach keeps the locations for all the keys
blocked, whereas on-demand paging eagerly tries to releasefreed locations to the
PagePool.

8 Conclusions and Future Work

In this report, we have argued that we need new load management techniques for
streaming applications with update semantics, since theseapplications care more
about staleness than latency. We proposed a novel storage-centric load manage-
ment framework based on update queues. We further devised a detailed analy-
sis and a set of new techniques for intelligent update key scheduling, for space-
efficient window processing techniques for ensuring correct and low-staleness re-
sults for sliding window queries.

We would like to address the following issues as part of our future work:

• Our experiments focused mostly on minimizing staleness in cases of non-
uniform key update frequencies and sliding window queries,and therefore
we did not have a chance to generalize our results to more complex queries
with arbitrary operator combinations. We need to run further experiments on
such queries based on our complete operator set.

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

• Currently we assume continuous access frequencies across all update keys at
the end-point application. However, similar to the differences in input update
frequencies, the application may also want to access the results at different
access rates (e.g., would like GOOG stocks to refresh every 1minutes, while
GM stocks to refresh every 1 hour). For this purpose, we need to integrate
application access frequencies into our QoS model.

• Our storage framework allows append and update queues to co-exist in the
system at the same time. We will explore how we can optimize our storage
framework under such scenarios. One interesting idea is to investigate adap-
tive schemes that allow the system to automatically switch between the two
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queuing modes based on changing load.
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