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Abstract

The dQUOB system conceptualization of datastreams
as database and its SQL interface to data streams is an
intuitive way for users to think about their data needs
in a large scale application containing hundreds if not
thousands of data streams. Experience with dQUOB
has shown the need for more aggressive memory man-
agement to achieve the scalability we desire. This paper
addresses the problem with a two-fold solution. The first
is replacement of the existing First Come First Served
(FCFS) scheduling algorithm with an Earliest Job First
(EJF) algorithm which we demonstrate to yield better
average service time. The second is an introspection al-
gorithm that sets and adapts the sizes of join windows in
response to knowledge acquired at runtime about event
rates. In addition to the potential for significant im-
provements in memory utilization, the algorithm pre-
sented here also provides a means by which the user can
reason about join window sizes. Wide area measure-
ments demonstrate the adaptive capability required by
the introspection technique.

1 Introduction

The dQUOB system [15] leverages the popularity,
time tested usefulness, and unarguable efficiency of
SQL queries through its application to data streams
found in wide-area, data intensive, distributed and par-
allel scientific applications such as [2, 5, 8, 14, 17].
The system model conceptualization views a set of data
streams as a relational database. This data streams as
database abstraction enables a user to request data from
the temporal event streams by means of SQL queries.
The execution model can be viewed as a set of contin-
uously executing queries that are logically grouped and
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selectively placed in data streams at the data source, at
the recipient, or at points between. This conceptualiza-
tion provides an intuitive way of thinking about streams,
about combining streams and about creating new views
of the data. The implementation is lightweight SQL
query execution middleware that does not require nor
operate over a database management system. The
dQUOB system is built on top of the publish/subscribe
event channel implementation, ECho [6].

Our experience with using dQUOB to manage the
big-data event streams that occur in grid computing has
given us the perspective to identify meaningful perfor-
mance optimizations. Specifically, it became obvious
that due to the large size of the events traditionally found
in scientific applications (200K - 2 MB), good memory
utilization is key to overall performance and scalability.
Since memory utilization is directly related to the num-
ber of events that linger around waiting to participate in
joins, efforts at optimization need to focus on the join
processing.

Join processing in our domain is the act of combin-
ing two event streams based on one of two notions of
time. Since events pass through the query evaluator in
real time, the evaluator must make instant decisions as
to whether to accept or discard an event. This is easy
for queries containing simple select statements. But be-
cause useful queries contain more complex operators
like joins and temporal selects, and further, streams are
not often synchronous because of issues like clock skew
and delayed generation rate, some events must be re-
tained. This paper deals with the question of the number
of events to retain. Specifically, how large should be the
join window?

A join window is similar to a sliding window; and
determines the size of the event sequence that is retained
in memory for a particular join operation. In the earlier
system, the join window size was specified by the user at
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startup and it applied uniformly to all event streams and
join operations. But the solution was flawed because the
cost of a wrong guess is simply too high. Too small a
window increases the likelihood of false negatives; too
large a window consumes memory, impedes throughput,
and limits scalability.

Our solution for improved memory utilization is two-
fold. The first focuses on improving the service time of a
query, that is, reducing the time interval from the arrival
of the last event of a set of events required by the query
to when the query generates a result. We show average
service time can be reduced by replacing the existing
first come first served (FCFS) scheduling algorithm with
an Earliest Job First (EJF) algorithm.

The second optimization focuses on a more informed
selection of join window size through an introspection
technique. The existing one-size-fits all approach is too
prone to error, or more likely, to huge inefficiencies
in memory utilizations. Instead, we developed an al-
gorithm for setting and adapting the join window size
based on run time information about the data stream
rates. Through event stream sampling, we estimate ini-
tial window sizes, then through an adaptive scheme em-
ploying exponential averaging, we monitor arrival rates
and adjust the join window sizes as appropriate. Because
optimized window sizes are computed from stream in-
formation alone, the decisions are global to the quoblet!
then only enacted locally at the queries. The solution ac-
commodates differences in event generation rates such
as would occur when a stream is slow in starting up or
with a low arrival rate.

The abstract proceeds with a definition of the sev-
eral notions of time typically encountered in streaming
applications and of a characterization of query cases.
The potential for performance improvements in service
time of an EJF scheduling policy is given as a proof by
example in Section 3. Section 4 introduces the algo-
rithm for rate sensitive join window size prediction. Sec-
tion 5 provides performance measurements that demon-
strate the ability of a small set of query rules to de-
tect and adapt to changes in the data streams. Since
the rate sensitive join window algorithm is implemented
using the query mechanics, the measurements serve as
early, partial proof of the algorithm. Measurements that
specifically quantify memory utilization savings are in
progress. The wide area measurements in and of them-
selves reveal interesting differences between LAN and
WAN performance for data streaming applications. The
database community has recently taken renewed inter-
est in continuous queries of the kind that form the heart
of dQUOB. This and other related work is discussed in

YA quoblet is a logical grouping of queries that constitutes an exe-
cutable unit.
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Section 6. The paper concludes with a brief summary
and future work in Section 7.

2 Time Notions and Query Cases

For purposes of discussion, a logical timestep is the
application’s notion of time. A global atmospheric
model that begins its simulation with ozone concentra-
tions from September 01, 1992 at 1200 hours, assigns
Sept 01, 1992 1200 hours as the logical timestep of its
first timestep. The timestamp then is the CPU clock
time at which some event, such as the output of a logi-
cal timestep, occurs. Finally, generation time is the in-
stant at which an event is pushed or streamed from its
source. Trace data is by its nature used as a data source
post mortem; its timestamp records information about
when it was created; generation time captures the time
at which a trace file is being used post mortem. We make
the simplifying assumption that timestamp and genera-
tion time are the same. Our grounds are that the mean-
ingful time values for decision making in a streaming ap-
plication are the logical timestep, required to tie events
back to the application time domain, and current time,
required to react to changes in the current environment.

(a) no join

input
stream

(b) self-join

(c) two input
streamjoin

o
_—

R

join window

Figure 1. Basic join query types.

A query is an acyclic directed graph with multiple en-
try points and a single exit point. Nodes are query opera-
tors (i.e., select, project, join) and the arcs indicate direc-
tion of control flow, that is, the order in which operators
are applied. As shown in the basic cases of Figure 1,
events enter the graph at the left and exit at the right.
In the simplest case ((a) in the figure) a query contains
only selects and projects. It accepts a single event stream
and either filters out events, or transforms and forwards
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them. A node with two incoming edges such as is shown
in (b) is a join node. Joins are a Cartesian product with
a time-based condition. Intuitively, two events satisfy
a join if they “happen at the same time” where time is
either logical time or timestep time. The query (b) con-
tains a self-join, that is, a join that performs a Cartesian
Product over one event stream, that is, over the events in
the join window ’a x a’. The third query case, (c), de-
fines a join over two event streams, 'a’ and ’b’, or more
precisely, over the join windows of ’a’ and ’b’. It is this
latter class of queries to which our work described in this
paper applies. In the presence of asynchronous streams,
the window size of a slow stream, say ’a’, could be made
considerably smaller than that for a fast stream, say 'b’.

3 Event Scheduling Algorithms

Evidence suggests that query service time, and hence
memory utilization, can be better served by an Earli-
est Job First (EJF) scheduling algorithm instead of the
currently employed FCFS algorithm. FCFS serves well
for streams that are reasonably synchronous and non-
bursty. But when event generation rates vary, latencies
are large (as in a WAN environment), and traffic pat-
terns are bursty, it is our observation that events from
the faster stream will block in the join and accumulate,
waiting for an event from the slower stream to arrive. In
this section we examine the cost benefit of using an EJF
scheduling algorithm.

The event scheduler is an asynchronous thread that
selects the best event from the recently arrived events
and dispatches it to the queries that have registered an
interest in the event type. Concurrent arrivals are han-
dled by channel-specific handlers in the quoblet. The
handler retrieves the event off the TCP socket and stores
it to a global queue. The event scheduler then is a global
scheduler that is executed upon the disposition of every
event, in order to select the next event for processing.

The overarching goal of the dQUOB system is to rec-
ognize incidents that occur in a distributed system, and
to do so as soon as possible after their occurrence. An
incident is loosely defined as a set of events that oc-
cur at the same time that when taken together describe
the incident or its preconditions. A new nuclear melt-
down is an incident; the causal events are stuck valve,
higher than normal pressure in the boiler, rising ambient
air temperature, etc. There is little a quoblet can do to
reduce wide area latencies and differences in generation
rate that will delay incident recognition, but the quoblet
can minimize service time. So the metric we establish
to evaluate event scheduling algorithms is service time.
Service time is traditionally defined as the elapsed time
between the arrival of a request at a server and the sat-

isfaction of that request by the server. The service time
for incident recognition, which differs slightly in that it
is dependent upon input from multiple sources, is the
elapsed time between the arrival of the final event of the
incident and the generation of the tuple that recognizes
it.

We claim that an Earliest Job First (EJF) scheduling
policy minimizes overall service time by giving prefer-
ence to events occurring earlier in time. The notion of
earliest is determined by selecting the next event from a
set of ready events having the smallest timestamp value.
This means the recognition of these complex, multi-
source conditions does not suffer delay by a policy that
favors newer but unrelated, and hence, irrelevant events.
We defend our assertion with an example, but are in the
process of evaluating performance of both approaches.

To illustrate, we compare the service time for FCFS
and EJF over a sample set of events and a sample quoblet
consisting of two simple queries. In our example, see
Figure 2 (a), events arrive in one second intervals (i.e.,
the inter-arrival rate is an integer multiple of one sec-
ond,) query processing time is one second long, and
event generation is instantaneous. At time t3 three
events are received: a3 and c3 which are timestamped 3
(assuming instantaneous arrival) and dy which is times-
tamped ¢y (and was delayed in transit). The two queries
are named AB and CD, see (b). Each query consists of
a single join operation; query AB joins event streams
’a’ and ’b’ while query CD joins ’c’ and ’d’. The ser-
vice time for the incident described by ¢y and dj is the
elapsed time between the arrival of dy and the generation
of the tuple pair < ¢g,dy >. Under FCFS scheduling,
generation of the tuple pair < c¢g,dy > occurs at the
beginning of timestep t9, see (c). Under EJF, genera-
tion occurs at the beginning of ¢4 implying that dy was
serviced immediately upon arrival. The average service
time for the example under the two scheduling policies
is:

F CFSivgsvcTime = (6+8+10+11)/4 = 8.75sec/event

EJFavgsveTime = (1 + 141+ 2)/4 = 1.25sec/event

The example illustrates the viability of EJF scheduling
in a burst condition, that is, when server processing has
fallen behind. The results hold under steady state condi-
tions as well, though are less pronounced.

A weakness of the EJF algorithm is the potential for
starvation. We argue that given the time sequence nature
of the objects to be scheduled, starvation is not possible.
Suppose an event « arrives at the scheduler and experi-
ences starvation. Because events are timestamped and
scheduled earliest timestamp first, this means that ev-
ery event already at the scheduler has a timestamp ear-
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lier than «v. Further, every event that arrives after « also
has an earlier timestamp than «. Because timestamp is
equal to generation rate, every event but & must have
been generated before . That means « is the last event
generated by the application, and as such will eventually
be scheduled.

time (seconds)
t5 | t4 | t3 | t2 | t1 | tO

_— a5 |a4 |a3 | a2 |al a0

bl |bO —_—
event e
streams © . |5 |c4a|e3|c2 [c1|0] — =
d
—_— d1 do —_—
(@)
quoblet
(b)
time (seconds)
to 5 t10 t15
FCFS a0(cO|al|cl |a2|c2|a3|c3|dO|a4|c4| b0 a5 c5 bl|dl
[co| [a0| al|cl
do| bo bl|dl

EJF a0|cO|al|dO bO|/bl|cl|dl a2|c2|a3|c3 a4|c4| a5 ch
'co[a0[a1] [c1
do|b0| b1 d1

(c)

Figure 2. Event service times under First
Come First Serve (FCFS) and Earliest Job
First (EJF) scheduling policies.

4 Rate Sensitive Join Windows

Experience with the dQUOB system in scientific
computing where megabyte events are not unheard of,
has highlighted the need for improved memory utiliza-
tion through intelligent allocation of memory for join
windows. We address the problem with an introspection
technique. Introspection is an architectural paradigm
that mimics adaptation in biological systems [10]. It can
be viewed as a continuous cycle of computation — obser-
vation — optimization. Computation is normal operation.
Observation and optimization, on the other hand, moni-
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tor computation, detect behavior through analysis of ob-
servations, then effect a response that then becomes part
of the next computation.

join window(A) = 125 events
join window(B) = 33 events

sample event
streams for
sampling interval

calculate

timestep interval
and join

window size

sampling interval: 100 sec
A: 100 events
B: 10 events

sample
event stream

timestamp interval(A): 80 sec
timestamp interval(B): 30 sec

effect
change to
join windows

introspection

exponential
averaging to
predict; threshold,
to decide

Figure 3. Rate Sensitive Join Window Size
Algorithm.

Our overall goal is to maintain join windows at a size
that can be expressed as a timestamp interval. By do-
ing so, two gains are had. First, it positions the user to
better reason about the trade-off between performance
and increased incident of false negatives. For instance,
if the user knows the application will be running in a
WAN that typically experiences latencies on the order
of several minutes, then a larger starting value can be
selected. Second, we achieve window sizes that mirror
differences in stream rates almost as a byproduct. Un-
fortunately, timestamp information is often not available
at application startup, so we let the user specify an inter-
val in wallclock time instead, then map the interval into
the timestamp domain during initial stream sampling.

We enact the algorithm as two phases: a startup phase
where initial reasonable join window sizes are estab-
lished, followed by ongoing inspection to adjust. This
two-phase cycle is depicted in Figure 3.

Determination of initial join window sizes is shown
as the first three states of Figure 3 and in more detail
in Figure 4. The algorithm accepts a single input pa-
rameter, sampling_interval. Sampling_interval is a time
interval defined by the user, and determined by the user
thinking about the potential skew that might exist be-
tween application streams. Where latencies are long, an
interval of 300 (seconds) might be reasonable. The al-
gorithm samples over this interval, though it would be
trivial to sample over a longer period. It samples all
event streams concurrently. Upon completion the times-
tamp interval for every stream is computed from the
first and last timestamps received during the sampling
interval. The barrier synchronizes the threads before
the maximum timestamp interval is determined; this last
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step identifies the fastest stream. The join window size
is then computed for each stream relative to the fastest
stream.

at_startup(sampling interval: integer) {
for all i concurrently {
sample event stream[i] for duration of sampling interval;
barrier();
max_timestamp interval = last event[i].timestamp -
first event[i].timestamp;
join window size[i] = (events received[i] * sampling interval)
/ max_timestamp interval;

J

effect change[i];

J

Figure 4. Pseudo code for join window al-
gorithm.

To illustrate, shown n Figure 5 are two input streams
A and B having synchronous arrival rates. Suppose the
user specifies a sampling interval of 30 seconds. Event
arrival times are shown across the top for the 30 second
sampling interval. During the interval, 11 events arrive
on A and three arrive on stream B. Timestamp_interval
for streams A and B are 10 seconds and 2 seconds re-
spectively. There is obvious latency in both streams, but
A is selected as max_timestamp_interval; that is, A is
the fastest stream. The join window sizes for A and B
are then calculated at 33 and 9 respectively. For the
fast stream, A, a window size of 33 means the win-
dow is sized to hold 30 seconds of events in timestamp
time. The slow stream window size of nine represents an
equivalent time interval relative to the fast stream. The
window sizes reflect the ratio of events received to total
sampling time; the smaller the ratio, the smaller the join
window. The purpose of the timestamp interval compu-
tation is to map the users wallclock notion of time into a
time domain more closely tied to the application.

event arrival times

30 28 22 18 15 12 11 10 :07 :03 01
A ——=:11|:10 | :09 |:08 |:07 |:06 |:05 |:04 | :03| :02:01 —
B— =03 02 01 .
(t' t
samplling_interval 30 seconds t:m:: amp

timestamp_interval(A) = 10 seconds
timestamp_interval(B) = 2 seconds
join_window(A) = (11 * 30)/ 10 = 33 events
join_window(B) = (3 * 30)/ 10 = 9 events

Figure 5. Example for Join Window Algo-
rithm.
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The join window algorithm is based on the assump-
tion that the interval expressed in the timestamp domain
will always be smaller than or equal to the interval in the
sampling domain. For instance, in Figure 5 we sampled
over a 30 second interval, and both event streams had in-
tervals less than 30 seconds. But suppose a source were
to advance timestamp its events, that is assigns times-
tamps that are valid in the future. It may do this in or-
der to deliver its event stream and retire. However, our
earlier assumption that generation time is the same as
timestamp precludes this kind of behavior.

Enacting a change in join window size at the individ-
ual queries requires the following conditions be met:

¢ Events belonging to the same stream are monoton-
ically increasing in timestamp,

e When a join window is reduced in size, the events
that are removed are the oldest events,

e While a window size adjustment is being under-
taken, no query evaluation can be taking place (for
the query in question), and

¢ Events flushed from a join window cannot automat-
ically be freed as they may still be participating in
partially complete results within the query.

Monotonically increasing events are guaranteed by the
underlying event channel layer. An event stream in the
dQUOB middleware maps to an event channel in the
communication layer, and event channels have a sin-
gle source. Flushing oldest events first is accomplished
efficiently because oldest events reside in order at the
head of a linked list. Effecting a change while the query
is quiescent is accomplished with existing query sup-
port for management-level commands. A query services
management commands during quiescent times. Par-
allelism exists between queries but not within a query,
so when a query is servicing a management command,
it does so sequentially. Preserving partial results is
achieved through reference counts to ensure an event is
not released (destroyed) until its reference count goes to
Zero.

The ongoing introspective phase of the algorithm em-
ploys exponential averaging to predict the next join win-
dow size based on past observation. The averaging al-
gorithm makes its predictions by looking for changes in
the arrival rate of the stream. Specifically the exponen-
tial averaging function

Sori=al, + (1 —a)S,

is defined in terms of 7}, as the number of events re-
ceived over the most recent interval determined by sam-
pling_interval. S is the number of events received over
the initial sampling interval, and « is expected to be
large (i.e., >= 0.8) giving weight to more recent ob-
servations.
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In order to abate constant minor adjustments to join
window sizes, the transition to the “effect change’ state
of Figure 3 is taken only when the predicted value ex-
ceeds a threshold. Omitted for brevity is a discussion of
how threshold is determined and its impact on perfor-
mance. Omitted also is a discussion of effecting the join
window size change; particularly the consequence of a
shrinking window.

Introspection is implemented with existing mecha-
nisms, that is, by creating additional queries with the
sole task of housekeeping. The startup phase and intro-
spective phase can be implemented in two queries, one
per phase. The ability of queries to implement simple
finite state machines, and effectively transfer from state
to state, is demonstrated albeit briefly in the next sec-
tion. Exponential averaging leverages a new extension
to the dQUOB SQL language; namely, support for user-
defined functions invokable from within the query.

S Adaptivity and Wide Area Network
Measurements

Our first experiment tests the adaptivity of queries in
the presence of changes in the underlying execution en-
vironment. We push a workload of 540 75K events from
a source to a sink through a quoblet filter. We vary the
filtering strength of the quoblet at points in the workload
and look at the impact on end-to-end latency as mea-
sured between source and sink. The test was run on
a LAN in a controlled setting (i.e., quiescent network,
lightly loaded machines) on several Sun Ultra 30 247
MHz workstations running Solaris 7 and connected via
100 Mbps switched FastEthernet.

1.4
—— Tech-Tech-Tech

1351 q

1.3 Null query active

)
)
T

Moderate filtering query

End-to-end latency (secs)
o
T

@
T

1.05- q
Strong filtering query

I I I I I
0 100 200 300 400 500 600
Run duration (secs)

Figure 6. Quoblet potential for responsive-
ness to changes in environment.
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We see in Figure 6 that end-to-end latency is re-
sponsive to filtering strength. More importantly for our
discussion, the behavior in Figure 6 is implemented as
three queries. The phase transitions at roughly 200 and
400 seconds are query responses to events from the un-
derlying network monitoring infrastructure. The graph
demonstrates the ability of queries, if specified correctly,
to implement a small finite state machine. This is impor-
tant because our join window algorithm leverages this
behavior.

We then move the same experiment to a WAN and
test with the quoblet at the source and at the sink. We
compare the WAN results to the baseline measurement
from the LAN measurements. The latter appears as the
’-x-" plot along the bottom of Figure 7. The hosts are a
Sun Ultra 30 at Georgia Tech and an 8 processor Onyx
2, R10000 running IRIX64 6.5, at the Albuquerque High
Performance Computing Center (AHPCC).

We anticipated worse behavior when filtering is done
at the sink, the ’-+-’ plot, and certainly saw it in terms of
longer end-to-end times, but what was unexpected and
reoccurred repeatedly is the wide variations in latencies
at the data points we plotted. We are currently repeating
these experiments in a more iterative fashion (growing
out from LAN to IUB -> IUPUI WAN, then beyond),
but from these measurements we obtained the interest-
ing result that pushing the quoblet closer to the source
results in performance that more closely matches LAN
behavior.

g
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Figure 7. WAN measurement (Georgia
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6 Related Work

Seminal work on continuous queries was done in the
early 1990’s by Terry et. al. [19] and by Snodgrass [18].
Continuous queries are conventional database queries
that are issued once and henceforth run continually over
the database.

The STREAM project advocates continuous queries
to support data streams as an integral part of a DBMS.
The authors in [4] define an architecture for processing
continuous queries and identify a number of research
topics in the area including a processor for continuous
queries. The STREAM work focuses on rich language
(SQL) support and assumes streams and queries are di-
rected to a single location. Our work stresses portability
and distribution of query processing points and accepts a
subset of SQL as a tradeoff for efficient query execution.
TAPESTRY [19] defines the class of queries that work
for continuous semantics: monotone queries. Intuitively
a monotone query is a query in which nothing can be
later undone in a database that will invalidate earlier re-
sults. The starting point of our work is a subset of SQL
that yields monotone queries. The

Fjords data-flow architecture [12] focuses on a sim-
ilar problem of database queries to process streaming
data from networks of ad hoc collections of sensors. The
authors define a new type of join, the zipper join, to
meet the needs of combining event streams by “zipper-
ing” together streams according to a time interval. The
join is applicable when streams are synchronized. How-
ever, we have discovered in our work that synchronized
streams are the exception rather than the norm.

Eddies [3] executes queries over distributed infor-
mation resources, such as massively parallel database
systems. It shares basic technical ideas with our prob-
lem, although the general approach is different. Eddies
uses an adaptive query engine to process conventional
(one-time) queries efficiently under unpredictable envi-
ronments. Ours is a continuous query approach. The
Active Data Repository [7] evaluates SQL-like queries
to satisfy client needs. However, queries are evaluated at
the source over a physical database. This contrasts our
work which evaluates queries over datastreams, provid-
ing portability for queries and support for queries over
streams that originate at different sources. The Contin-
ual Queries system [11] is optimized to compute the dif-
ference between current query results and prior results.
It then returns the delta of the two queries. This ap-
proach complements our work, which is optimized to
continuously execute and return full results of a query in
a highly efficient manner.

In parallel and distributed computing, temporal SQL
has been used for performance analysis of distributed
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and parallel computations [18, 13, 9]. Queries are issued
one-time against the post-mortem performance data[18].
Our goal, on the other hand, is analysis at run-time,
which puts greater demands on efficiency. Further, by
pushing analysis into the data stream[13], one can re-
duce the amount of data that must be ultimately stored,
and the period over which it must be stored.

Run-time detection in data streams has been ad-
dressed with fuzzy logic [16] and rule-based control [1].
We argue that the more static nature of these approaches
make them less able to adapt to changing user needs and
changes in data behavior.

7 Conclusion

The dQUOB system conceptualization of data
streams as database provides an intuitive way for users
to think about their data needs in a large scale appli-
cation containing hundreds if not thousands of streams.
This paper focuses on optimizations being undertaken to
address a performance and scalability bottleneck identi-
fied in the system, namely, memory management. Our
solution is two-fold: a more suitable event scheduling
algorithm, and an algorithm that leverages run-time in-
formation knowledge about event rates using variable
length join windows.

An important focus for future work is to extend the
join window size line of reasoning to include probability
assessment. As mentioned in the introduction, too small
a join window increases the likelihood of false negatives
while too large a window consumes memory, impedes
throughput, and limits scalability. Our goal is to explore
the assignment of a probability of false negatives for a
chosen window size. We can then, for example, respond
to a window size setting of 1 second with a warning such
as “Beware, the likelihood of false negatives for a 1 sec-
ond window size is 90%.”
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