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ABSTRACT

Data Stream Management Systems (DSMSs) provide support for continuous query
evaluation over data streams. Data streams provide processing challenges due to
their unbounded nature and varying characteristics, such as rate and density fluc-
tuations. DSMSs need to adapt stream processing to these changes within certain
constraints, such as available computational resources and minimum latency re-
quirements in producing results. The proposed research develops an inter-operator
feedback framework, where opportunities for run-time adaptation of stream pro-
cessing are expressed in terms of descriptions of substreams and actions applicable
to the substreams, called feedback punctuations. Both the discovery of adapta-
tion opportunities and the exploitation of these opportunities are performed in the
query operators. DSMSs are also concerned with state management, in particular,
state derived from tuple processing. The proposed research also introduces the
Contracts Framework, which provides execution guarantees about state purging in
continuous query evaluation for systems with and without inter-operator feedback.

This research provides both theoretical and design contributions. The research also



i

includes an implementation and evaluation of the feedback techniques in the Nia-

garaST DSMS, and a reference implementation of the Contracts Framework.
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Chapter 1

INTRODUCTION

The last decade has seen the emergence of a new paradigm in data processing.
Database-backed applications, in which data is stored and managed by a Database
Management System (DBMS), proved challenging to adapt to high-rate incoming
data. Latency requirements on these monitoring applications started to challenge
the DBMS model, in which one first stores the data and then issues queries against
this static collection. Monitoring applications, as explained by Carney et al. [14],
exposed a different paradigm to data processing for which no data management
system support existed.

The database community took interest in this problem. Projects such as Aurora
[9], FireStream [52], Gigascope [20], Hancock [19], NiagaraST [47, 64], PIPES
[34], and STREAM |[3] studied this new problem space. Over time, models based
on the relational model emerged to address the requirements of this new class
of systems. Under these models, one can express continuous queries against a

stream of incoming data, producing a stream of results. The resulting systems
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Figure 1.1: Conceptual difference between DBMSs and DSMSs.

are commonly known as Data Stream Management Systems (DSMSs) or Stream
Processing Engines (SPEs). A high-level representation of the difference between
DBMSs and DSMSs is presented in Figure 1.1. In DBMSs, the data is relatively
static, queries are issued against it, and query results are obtained. In DSMSs,
data is pushed through standing queries, which produce a stream of results.
Borrowing from years of experience in DBMS design, DSMSs tend to represent
queries internally as directed acyclic graphs of interconnected operators [9]. Oper-
ators in DSMSs perform functions that are equivalent to their DBMS counterparts
such as filtering, joining, and windowing. Operator semantics in DSMSs have
been defined to cope with three main concerns in data stream processing: (1) to
maintain low latency in result production, (2) to manage available computational
resources efficiently, and (3) to handle the unbounded and out-of-order nature of
data streams. The following example illustrates these three main challenges:
Example 1. A speed map is a visual macroscopic representations of speed
conditions in a road network. For example, TripCheck (www.tripcheck.com) pro-

vides a speed map of the Portland metropolitan area, where each segment of the



freeway is tagged by a color indicating average speed — green for above 50 mph,
red for under 20 mph, and yellow otherwise. Road conditions are estimated from
two sources: probe vehicles and fixed sensors. A probe vehicle is equipped with
a GPS unit and reports its average speed for the last 20 seconds plus its current
location. Fixed sensors are deployed along the various corridors, placed about 1
mile apart from each other, and report the average speed of observed vehicles ev-
ery 20 seconds. Speed maps are refreshed every 2 minutes. One way to support a
speed-map application is to execute a continuous query over the sensor and probe
data streams, outer-join by location and time, combine probe and sensor data by
applying a function, and average the 20-second reports per sensor location into
2-minute estimates. Once the 2-minute estimates are computed, one can project
these aggregated estimates to determine the appropriate color tag. An illustration
of a speed map and a query plan to support it is presented in Figure 1.2.
Processing the continuous query in Example 1 can be challenging. The var-
ious operators involved require contextual information about the status of other
operators (or buffers), not only to perform their stream-relational operation, but
also to correctly manage their states and result production. The AVERAGE operator
cannot issue its result correctly without knowing that all events for a 2-minute
period have been seen, hence, it is a blocking operator. The JOIN operator needs

to hold on to state related to the events it is processing, and cannot safely purge
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Figure 1.2: A speed map application and a continuous query to support it. Image

from http://www.tripcheck.com/.

state content unless it has definite knowledge that an element in state will not par-
ticipate in future result production. Although the JOIN operator does not block
result production, it is stateful, as it needs to remember information about past
inputs to produce later results. In general, blocking operators contribute to latency
concerns, and stateful operators contribute to resource-management concerns.
Various approaches have been proposed to cope with these two challenges,
of which we mention two. A first approach assumes ordered input or bounded
disorder [3, 9]. Under this approach, a blocking operator need only keep track of
the current high watermark on a time attribute to decide when it is safe to produce

a result. Similarly, a stateful operator can release partial state once a particular



point in time is reached. When disorder is bounded, blocking and stateful operators
are enhanced with techniques that account for the bounded disorder. One such
technique is slack, where operators buffer and sort a fixed number or duration of
events in the input prior to processing |[2].

A second approach embeds markers in the stream to signal the passage of
time. These markers are called CTIs in CEDR [27], heartbeats in Gigascope [33],
and punctuations in FireStream [52] and NiagaraST [62]. In this approach, oper-
ators are asked to be aware of these markers, and exploit them to trigger result
production and state-management techniques.

Disorder can occur not only at the input, but also in the streams produced
by each operator, as noted by Hammad et al. [28]. Not only is obtaining prior
knowledge of this disorder to accomodate slack challenging, but it is also hard to
translate a value on the inputs into meaningful values for internal parts of the
query to use. Handling the unbounded nature and disorder of streams is the third
main concern in stream processing. By leveraging the embedded markers approach,
disorder-tolerant, unbounded-handling architectures have been proposed, such as
the OOP architecture by Li et al. [42].

The current paradigms in DSMS design have modified the functionality of op-
erators, when compared to their relational counterparts. First, these operators
are prepared to have data pushed through them, instead of pulling data from an-

tecedent sources. Second, they are being asked to handle elements in their inputs



beyond just events: they now consume, exploit, and produce embedded markers

to manage stream progress, and, when appropriate, purge state and unblock.

1.1 DEFINITIONS

Various terms and syntax are used in the literature to refer to key concepts in
Stream Processing. I present terminology and syntax for this domain that I use
in this document, which is close to the syntax and definitions provided by Tucker

[62], and terminology employed by Goldstein et al. [27].

Schema A schema s is a named, ordered list of attribute-domain mappings. To
represent three attributes, time, id and temperature, whose domains are
timestamp, integer and float, respectively, we can write a schema named

SENSOT as

sensor (time:timestamp, id:integer, temperature:float).

Event An event e over schema s is an ordered list of values that adheres to s. The
order in which the values appear in e matches the order of s. To represent a
measurement taken on ‘April 1st 2010, at 10:00:00” by a sensor with id = 4

and a temperature reading of 76.5 in schema sensor, we write

<¢2010-04-01 10:00:00°, 4, 76.5>.

Tuple is a synonym for event, and I will use these terms interchangeably.



Data Stream A data stream over schema s is a potentially unbounded sequence
of events, with each event adhering to s. For example, consider the stream
DS which conforms to the aforementioned sensor schema. The following

collection of events might be an initial prefix of the DS data stream:

<¢2010-04-01 10:00:00°, 4, 76.5>
<¢2010-04-01 10:00:00°, 3, 75.9>

<¢2010-04-01 09:59:00°, 7, 76.6>,

while the following list is not:

<4, 76.5>
<¢2010-04-01 10:00:00°, 3, 75.9>

<¢2010-04-01 10:00:00’, 7, hot>.

Notice that data streams can be physically disordered. In the first DS exam-

ple, we observe an event for time ‘09:59:00” after events for time ‘10:00:00’.

Punctuation A punctuation is a predicate that describes a subset of events in
a data stream. Such a predicate is a list of restrictions, ordered according
to the data stream’s schema. Each restriction refers to the domain of the
attribute it is positioned on. Each restriction can contain comparators with
a value (such as > 10, < 9, <‘10:00:00 a.m.’), a specific value (equivalent to

using “="), or the wildcard ‘*”, which refers to any value. For example, to



describe all events in the sensor stream related to the sensor with id = 4,

we write

%, 4, %]

To describe all readings up to “April 1st 2010, at 10:00:00” from sensor with

id = 4, we write

[<2010-04-01 10:00:00°, 4, *].

Given an event e, we can say it matches a punctuation p if e is in the set of
events described by p. For example, the event <¢2010-04-01 9:00:00°,4,
79> matches the previous punctuation, as it is in the set of all events up to

“April 1st 2010, at 10:00:00” from sensor with id = 4.

Punctuations can be used to communicate context. When an operator emits
a punctuation, it is informing its subseqent operator(s) that it will not emit

further events that match that punctuation.

Punctuated Data Stream A punctuated data stream is a sequence of events
and punctuations with a grammaticality constraint. For any punctuation p
that describes a set of events £, no event e € £ is present in the stream after
p. The following sequence is an example of a punctuated data stream over

the sensor schema, where the topmost element is the earliest:



<‘2010-04-01 10:00:00°, 4, 76.5>
<¢2010-04-01 10:00:00’, 3, 75.9>
<¢2010-04-01 09:59:00°, 7, 76.6>
[<2010-04-01 10:00:007, *, * ]

<¢2010-04-01 010:01:00°, 7, 76.6>.

The following stream is not a punctuated data stream, since a tuple that

matches a punctuation appears after it:

<¢2010-04-01 10:00:00°, 4, 76.5>

<¢2010-04-01 10:00:00’, 3, 75.9>

<¢2010-04-01 09:59:00°, 7, 76.6>
[¥, 7, *]

<¢2010-04-01 010:01:00°, 7, 76.6>.

1.2 IMPROVING STREAM PROCESSING WITH MORE CONTEXT

Contextual information embedded in the stream, specifically punctuations, enables
DSMSs to cope with latency, resource management, and disorder. To illustrate this
paradigm, consider the following input streams for the query discussed in Example
1, with schemas sensor (time, location, speed), and probe(time, location,

speed):
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sensor probe
<¢10:00:00°, 1, 55>
<10:00:00°, 2, 55> <10:00:00’,2,65>
<‘10:01:00’, 1, 55> [<¢10:00:007,2,%*]
<10:01:00°, 2, 55>
[<€10:01:007,%,%]

Recall we are joining these streams on time and sensor id. A symmetric hash
join implementation can leverage the punctuation from the probe stream to purge
matching state from the hash table for the sensor stream, and vice-versa. In this
example, the tuple <€10:00:00’, 2, 55> in the sensor side can be purged once
the [<€10:00:00°,2,*] punctuation is received from the probe side.

Now suppose we also see punctuation [<¢10:01:00,%,*] on the probe side.
JOIN can output the punctuation [<¢10:01:00,*,*,*] once it has seen punc-
tuation from both inputs. This punctuation can then be used by the aggregate to
unblock and produce output for all complete aggregate groups up to the specified
timestamp. The projection does not exploit punctuation.

Punctuation is conveying context downstream, and is being leveraged by var-
ious operators to process the stream. In this research, I extend this contextual
paradigm to consider context which is conveyed upstream during processing. To

motivate discussion, consider Example 2.
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Figure 1.3: Imputation query plan and divergence among branches.

Example 2. Consider an input stream of sensor data, where a sensor experi-
ences an intermittent failure that causes it to report null values for speed. Input
events are filtered and split into two disjoint streams: clean and dirty. An opera-
tor called IMPUTE processes events for the dirty stream and uses a computationally
expensive method to replace each missing value with an acceptable estimate. Both
substreams are then input to UNION to produced an imputed result stream. Figure
1.3(a) shows an illustration of the query plan.

When the density of events that require imputation is high and when the need
to impute occurs frequently, the relative timestamps in the output will diverge
considerably over time. This observation is illustrated in Figure 1.3(b), where every
other event in the input requires imputation. In this figure, tuples are assigned
an arrival id at the input and tagged to differentiate which side of the union they

came from on the output. This divergence per se may not be a problem if the
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result stream’s destination is a data archive — but what if this were the “sensor
data” input for the query plan in Figure 1.27 The speed map application has low
utility for tuples that are too late. Knowing the conditions of the freeway an hour
ago defeats the purpose of a “live” speed map. The remark “you would have been
so much better off if you had left before lunch” does not make one feel better about
the recently experienced stop-and-go traffic.

Detecting that events about to be output have lost their utility can be done
by modifying UNION to be aware of this divergence. I call this divergence-aware
union operator PACE. Detection alone is insufficient, as one needs to communicate
this discovery to adapt the query processing and avoid handling events that no
longer have output utility, as will be explained in detail in Section 7.4. Various
approaches to on-line adaptation of query processing have been proposed, such as
STREAMOoN (8], which monitors properties of the output to adjust parameters of
operators involved in a query, and control-theoretic approaches that view stream
processing as a control problem, such as work by Carminati et al. [13|. These
approaches have a common property, which is collecting some measurement in the
output, analyzing these measurements in a separate control unit (or monitor), and
using the analysis results to adjust operator properties.

The aforementioned approaches can certainly be applied to the divergence prob-
lem, but I question the need to construct separate machinery to monitor and han-

dle the adaptation. IMPUTE would certainly benefit from receiving a description of
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Figure 1.4: PACE communicates context information upstream to IMPUTE.

which events have lost utility from PACE, and it could immediately eliminate events
that match this description from its processing queue. This approach would allow
IMPUTE to resume work on tuples that still have utility. PACE already detected
the divergence, and it could send this downstream context upstream. Moreover, it
could communicate it as a description of a set of events. Figure 1.4 illustrates this
communication flow.

In this research, I provide a framework that enables detection, communica-
tion, and exploitation of downstream context to improve query processing, be it
by avoiding the processing of events whose utility has expired, or by avoiding
processing events that do not contribute to the query output, as it is done in
sideways information passing [32|. I also identify other options for improvement,
namely priorization of subsets of the event stream and causing partial results to

be produced.
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The approach consists in modifying operators to: (1) detect optimization op-
portunities, (2) express these opportunities in terms of both a set of events via
punctuation and an action to be performed on that set, (3) propagate these feed-
back punctuations upstream to antecedent operators, and (4) exploit incoming
feedback to improve local processing. The proposed model is illustrated in Figure

1.5 (b), and contrasted to an alternative centralized approach shown in Figure 1.5

(a).

1.3 ACCOUNTING FOR FEEDBACK-RELATED STATE

One of the main concerns in DSMS design is the accumulation of event-related
state. Punctuated data-stream processing has enabled DSMSs to cleanse event-
related state as the stream progresses over time. While developing the feedback
framework, I noticed that I was introducing context-related state into the op-
erators. The specifics of these new pieces of state are detailed in Chapter 3.
Grosso modo, operators can hold every description received via feedback, and
avoid emitting events described by that feedback. As query processing advances,
this feedback-related state can continue growing. Concerned about unbounded
feedback-related state, I developed a framework to guarantee such state’s correct
disposal.

The intuition is that this state can be cleansed by exploiting the same mech-

anism used to cleanse event-state: punctuation. For example, if an operator is
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(a) Centralized Adaptation (b) Localized Adaptation

Figure 1.5: Centralized Optimization vs. Localized Optimization. Thick arrows
indicate stream flow. Dashed arrows indicate feedback communication. The tri-
angle represents where optimization opportunities are discovered and interpreted.
In (a), contextual information is sent to a centralized adaptation artifact, which
in turn analyzes the context, determines adaptation opportunities, and commu-
nicates these opportunities to relevant parts of the query. In (b), the adaptation
machinery is embedded in the operators, which need only communicate opportu-

nities upstream.
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holding feedback that describes events whose timestamps are before “11:00 a.m.”,
incoming punctuation that asserts the current time past “11:00 a.m.” can correctly
trigger the removal of this feedback. The problem is if one wants to make a global
statement about managing state, one needs to know about future punctuation. In
some DSMSs, such as CEDR |[27], punctuations (CTIs in CEDR) only occur in the
time-related portion of the events. This limitation is not true in NiagaraST, or in
general when dealing with arbitrarily punctuated streams, complicating progress-
related execution guarantees.

The proposed Inter-Operator Contracts Framework not only annotates streams
with the expected form of incoming punctuations, but also enables pre-evaluation
analysis of a query to reason about its execution safety. With these annotations we
can perform an analysis before the query is executed and assert certain guarantees

(or lack thereof) about result production and state management.

1.4 CONTRIBUT