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Abstract

Sensor Network

We study the problem of indexing continuous data
streams in which data are heterogeneous in structure. Such
data streams arise naturally in many real-life scenarios
such as sensor networks. Our index structure uses bitmap
based techniques to efficiently sketch the structures to allow space-efficient lossless archiving of the data stream.
It also allows very fast query processing on the archived
data stream. Furthermore, our index structure adapts to
structural evolutions of the stream to ensure good indexing and querying performance both in space and time. We
developed a cost-based optimization framework so the indexing engine adjusts its configuration at run-time to adapt
to changes in the data stream. By means of linear feedback
controllers, structural clustering and steepest gradient ascent optimization, our indexing engine can achieve excellent performance without any human intervention.
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Figure 1. Data streaming scenario

RFID tags containing information of the tagged item. The
tags are scanned by the RFID edge servers, which in turn
stream the data to the database. Depending on the tagged
item, not only the data itself but the structure of the data
could be very different. An inventory item that is an RFID
tagged T-shirt has information on its size and color, whereas
the tag on a carton of milk would correspond to expiration
date and milk fat percentage. Thus, the edge servers will be
sending highly heterogeneous data readings to the database.
Each reading could contain different data types or attributes.
One cannot predict what the structure of the data (i.e., the
attributes) is in each reading before it is received and processed. Some systems that manage business data also face
the same problems: With point-of-sales (PoS) with annotated sales records, different retail stores may have different
record attributes. Heterogeneous record structures are also
found in annotated biological databases [8].
In these applications of data streams, there are a number of common elements. (1) There are numerous multiple
sources streaming data to the same receiver. (2) The data

1 Introduction and Motivation
Many modern and emerging applications, in business
and science, require the efficient management of high volumes of data streams. Managing these data streams poses
challenges that are distinct from those addressed by traditional database management systems [1]. For instance, in
sensor networks, sensors transmit streams of monitoring
data to the base stations, as depicted in Fig. 1. Typically,
each base station receives data from multiple sensors, possibly at high streaming rates. The sensors sharing a base station could differ in the types of data they monitor and send;
e.g., there are temperature sensors and pressure sensors,
while some sensors might monitor both. Even the same
sensor could emit different types of data at different times.
In commercial applications where radio frequency identification (RFID) technology is used, items are equipped with
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could be streaming at high rates, and with multiple sources,
the aggregated rate would be even higher. (3) As a result of
the previous two properties, there are usually huge accumulations of data readings that must be stored in a relatively
short period of time. (4) The data has the potential to be
highly heterogeneous; data readings could have different attributes (in varying degrees of differing), regardless of their
proximity in the data stream.
We consider not only the problem of efficiently archiving
these heterogeneous data streams, but also that of querying
them. Queries of interest include filtering for specific attributes in data readings and filtering them based on their
values. Common queries are simple in complexity, but because of the huge volume of data streams and queries, the
query response time must be minimized.
Thus, a system that manages these infinite heterogeneous
data streams must satisfy the following requirements.

using objective optimization techniques. We also demonstrate that accurate rate control can be achieved by feedback control using a simple PID (proportional- integralderivative) controller. In Section 5, we apply online clustering to classify the incoming stream into multiple homogeneous streams which are then indexed separately by ArQSS.

2 Related Work
Management and querying of data streams have already
received a great deal of attention from researchers in computer networking and database systems. In this section, we
discuss the related work.
Query processing of data streams was proposed for online aggregation queries by Hellerstein [11]. Data streams
were generated by the query processor inside the relational
database engine.
Formal data models and query semantics of data streams
were presented by Babcock et al. [4]. A number of important issues were raised concerning the interpretation of
query processing over infinite streams. It was identified that
windowing was essential for many classical query operators such as join. Their data model is focused on homogeneous data streams. Therefore, in the scenario depicted
in Figure. 1, one needs to explicitly deal with multiple homogeneous streams (one for each kind of sensor). They
can be joined, but the result must also be a homogeneous
stream. However, in practice, multiple sensors communicate to a common base station; thus, to the base station, all
sensor readings are interleaved into a single heterogeneous
data stream. In this paper, we are primarily concerned with
processing such heterogeneous data streams, and study the
problem of efficient indexing, archiving and real-time query
processing.

• Mechanism for rate control must be in place to deal
with data streams that are nearly always too fast for
any indexing system.
• There must be capacity control because the data
streams are infinite while the storage space is finite.
• The structure of the data varies in time (i.e., heterogeneity of data streams), therefore adaptive indexing
methods must be developed.
• Data should be efficiently stored.
• Volume can be huge, therefore everything must be
append-only; both indexing and query processing must
only use forward-only file access.
• Users can query and filter the index streams efficiently.
In this paper, we present a data stream indexing system,
ArQSS (Archiving and Querying Sensor Streams), which
meets all the above requirements. ArQSS uses an adaptive
bitmap based index structure to efficiently store incoming
data readings into separate indexing files. These files can
be be quickly accessed by ad-hoc user queries or stream filters. ArQSS offers a number of tuning parameters so it can
be configured to performance optimization and controlled
indexing rate. We propose several optimization techniques
to automatically configure ArQSS to achieve near-optimal
performance, and a user-specified indexing rate. Finally,
we apply structural clustering techniques to perform online clustering of the incoming data stream into more homogeneous streams, each of which can be indexed more
efficiently by ArQSS.
The rest of this paper is organized as follows. In Section 2, we present the related work. The basic index structure used by ArQSS is presented in Section 3. In Section 4, we discuss how ArQSS can be automatically tuned



time
temperature

7
→
11 : 00 : 00
7→ 25o C

(a) Temperature Sensor



time
pressure

7→ 11 : 00 : 00
7→ 101.12

(b) Pressure Sensor



time
 pressure
temperature

7→ 23 : 33 : 00
7→ 102.12
7
→
15o C

(c) Temp. / Pressure Sensor

Figure 3.
Several stream processing systems have been implemented (STREAM [12], Aurora [1]) based on the data
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Figure 2. Index files and data archive file
for archiving heterogeneous data streams with sliding windows.

model and query semantics in [4]. They focus on continuous queries on homogeneous data streams. Our implementation, ArQSS (Archiving and Querying System for
Streams), focuses on efficient storage and querying of windowed streams. In particular, our system adapts to timevarying heterogeneity of the stream, and optimizes the storage layout and query processing accordingly.
In terms of optimization of stream queries, Berthold et al.
[6] proposed a model of query performance in data stream
processing systems. The mathematical cost model is used to
predict quality-of-service (QoS) metrics. Their cost model
does not apply to our indexing and query processing methods.
As part of performance optimization, we apply clustering to the incoming stream (see Section 5). Clustering
of streamed data has been addressed by many researchers
[5, 9, 3, 2, 7]. Guha et. al. [9] proposed a general
framework and several extensions to the k-means clustering [10] to deal with streamed data. Aggarwal et. al.
[2, 3] proposed a clustering algorithm, HPStream, for highdimensional data streams. It uses projected clusters for
dimensionality reduction, and fading cluster structures to
adapt to time variation. Cao et. al. [7] proposed an online
clustering algorithm based on density estimation. It has the
advantage that the clusters need not be spatially compact
(as is the case of k-means variants), but can take arbitrary
shapes. Beringer and Hullermeier [5] proposed an online
algorithm for clustering data streams rather than values in
the stream.

3.1 A simple model for heterogeneous streams
A data stream is assumed to be an infinite sequence of
time-stamped records. Each record consists of key-value
pairs, where the keys are the attributes of the reading, and
the values are the corresponding data of the reading.
We are interested in cases where the incoming data
stream consists of heterogeneous record structures, namely,
the attributes of adjacent records in the stream can be quite
different.
Example 1 In an environmental monitoring application, a
base station can receive data from different types of sensors.
Some may detect temperature only, and thus only produce
records as shown in Figure 3(a), others may detect only
pressure, thus produce records shown in Figure 3(b). There
could yet be sensors capable of collecting both temperature
and pressure readings, as in Figure 3(c). As a result, the
data stream assembled by the base station is a sequence of
heterogeneous records from those three types of sensors.
3.2 A bitmap based index structure
As motivated in Section 1, it is often desirable, or even
necessary, to archive a sliding window of data streams for
the purpose of ad hoc data analysis.
There are two naive approaches to the storage problem:

3 ArQSS: a Queryable Index Structure

• Storing each record as a row in a relational table using
a relational database management system (RDBMS).

In this section, we describe a simple data model of heterogeneous streams, and the bitmap-based index structure

• Serialize each record as an array of key-value pairs and
store it in a flat file.
3

update( r )
r : next record in the stream
if(current section cannot accomodate r)
{
close current section in section index
create a new section in section index
}
add bit vector of r to bitmap index
add value vector of r to data archive
add position of position index

Both have limitations which make them impractical.
In the relational storage approach, one must assume that
all potential attributes are known a priori, so no additional
columns need to be created during run-time. Such assumption is severely limiting in its applicability. Furthermore,
since each reading in the stream only has some of the attributes, the absent attributes must be padded by null values, making the resulting relational table highly sparse, and
thus space inefficient. Furthermore, an RDBMS is not designed for handling sliding windows of streams, and when
the allocated space is full, removal of out-of-date records is
costly.
In the naive serialization approach, one is not required to
know all potential attributes a priori, nor does one need to
store null values in the archive. However, it is space inefficient in a different way. Because each record in the stream
is serialized independently, all the attribute names of every
record are stored in the archive. This is very wasteful if
there are long running sequences of repeating record structures. The second serious drawback of the naive serialization is that it cannot be queried efficiently.
Our index structure is a hybrid of the two naive approaches which overcomes their shortcomings while preserving the respective advantages. The basic idea is to try to
segment the incoming stream of records into different sections such that records in the same section are more homogeneous than records from different sections. Within each
section, all attribute names are recorded statically only once
as an array of strings hA1 , A2 , A3 , · · · , Ak i, where k is the
number of distinct attributes found in all records in the section. Attributes of each record r belonging to the section can
be encoded as a bitmap ~b(r) = hb1 , b2 , b3 , · · · , bk i where
bi is set to true if and only if the record contains the attribute Ai . The values of r are encoded as a vector of values ~v (r) hvi1 , vi2 , vin i where n is the number of attributes
present in r, and ij is the offset of the j-th bit which is set
in the bit vector ~b(r). Observe that this simple encoding of
records:

Figure 4. Update rules for index and data files

tribute names in the section, the (absolute) bitmap index offset of the bit vector of the first record in the section, and the
(absolute) offset of the bit vector of the last record in the
section. The relationship of the four index files — section
index, bitmap index, data archive and the position index —
are shown in Figure 2.
3.3 Updating index and data files
As we have stated, the index files should be accessed in
append-only mode for the reason of disk I/O efficiency. The
basic update rules are outlined in Figure 4. Based on the
next reading in the stream and the current section, we decide whether a new section should be created. The decision
procedure will be discussed shortly. Once the section index has been updated accordingly, the bit vector and value
vector of the record are appended to their respective files.
Finally the position index is updated.
Another limiting requirement on indexing data streams
is finite disk usage. Since our indices are maintained as
append-only, the ArQSS implementation uses circular files
for all four index files. The four circular files are synchronized so that the head-of-queue pointers (in all four files)
refer to the same record.
Maintaining sections: The incoming stream is segmented
into sections in order to reduce the heterogeneity of records
within a section. We choose to create a new section for two
possible reasons:

• does not introduce null values, and
• uses only one bit per record for each absent attribute.

• The next record in the stream has attributes which are
not part of the current section.
• Certain attributes in the current section have not been
seen for many readings, hence should be removed from
future consideration.

In order to facilitate fast query processing, we store the bit
vector ~b(r) and the value vector ~v (r) in two separate files,
which we refer to as the bitmap index and the data archive,
respectively. Since the value vector ~v (r) varies in length
from record to record, we maintain a position index in which
we store the absolute offset of ~v (r) in the data archive. The
length of the bit vector ~b(r) is fixed for all records in the
same section. A fourth index file, section index, stores the
information of the sections which includes: the array of at-

In order to control the number of sections to be created, we
have two performance tuning parameters: attribute expiration and extra bit allocation. Attribute expiration is an integer which dictates when an attribute in a section should be
4

proaches. To conduct the comparison, we generated a
stream of heterogeneous records. The attributes of each
record are generated independently with probability p =
0.5. The expected number of attributes for each record is 50.
Clearly, RDBMS is not designed for processing streamed
data, so in order to improve its archiving performance, we
have (i) turned off transaction logs, (ii) statically created all
columns needed, and (iii) kept all historic readings, rather
than just readings in the sliding window. For record serialization and ArQSS, we allocate 1 GB disk space to the
archive files. For ArQSS, we have set extra bit allocation to
be 5, and attribute expiration to be 10. These settings are arbitrary – we discuss how they can be tuned automatically to
optimize performance in Section 4. Using the indices, we
evaluated randomly generated queries with both structural
and value predicates.
All experiments are conducted on an Intel workstation
with 2 GB memory and Pentium Core 2 Duo Processor at
2.80 GHz. We compared the three approaches in terms of:

considered expired. When creating a new section, we keep
attributes from the previous section which have not expired,
as well as the new attributes in the next reading. Additionally, we optionally allocate extra bits for the new section so
that it can accommodate some future readings even if those
readings contain attributes that are not yet present in the
section. (That is, these extra bits do not correspond to any
attributes at the creation of the new section, but will be used
later for new attributes in future readings.)
Rate control: In addition to controlling disk usage D, the
user may wish to specify the window of history, T , to be
archived. However, these two specifications are potentially
conflicting, because to fully archive all readings in the time
period T , the system may well exceed the specified disk usage D. The solution is down-sampling. In order to be fair
to all the data sources of the stream, we perform stochastic down-sampling: We flip a biased coin for each reading
to independently determine whether it is kept or discarded.
The indexing component of ArQSS has a control parameter
p which is the bias of the coin toss.

•
•
•
•

3.4 Query processing
We consider only simple filter queries which filter incoming data stream with structural predicates or value predicates. By structural predicates, we mean conditions on the
attribute names. For instance, a user may wish to select
readings from temperature sensors by the structural predicate: “records containing attribute temperature”. By value
predicates, we are referring to conditions on the values of
the records, such as “records with temperature > 100oC”.
Queries can be efficiently processed using the index
structure we have presented. To evaluate a structural predicate, we first scan through the section index looking for candidate sections that contain attributes of interest. For each
of the candidate sections, we scan through the bitmap index
and use the bitmap to very efficiently evaluate the validity of
the structural predicate. This determines if the reading satisfies the query predicate. Only those readings are further
processed for the purpose of evaluating value predicates or
computing aggregations.
Because of our index structure, the query processor can
skip over entire sections of bitmaps if those sections do not
apply to the structural predicate. Furthermore, because of
the bitmap index, the query processor can skip over large
sections of the data archive whenever possible. This could
drastically reduce the time it takes to zoom in to the desired
records.

Average indexing rate (readings / second)
Average querying rate (readings / second)
Growth rate of total disk usage
Scalability of parallel indexing using multiple threads

In Figure 5(a), we observe that serialization is the fastest
at storing the data stream – this is not surprising as it requires no pre-processing. Our approach is only marginally
slower than serialization, demonstrating that the computational overhead of bitmap encoding is quite insignificant.
RDBMS storage is clearly the slowest even when all logging and record removals are disabled. As shown in Figure 5(b), in terms of query processing, serialization is by far
the slowest. RDBMS offers good query processing rates using SQL, but our approach is very comparable, and at times
even superior. This shows that our approach truly borrows
the best from both worlds of serialization and relational
storage. In addition, one can see in Figure 5(c) that our approach offers the most compact storage for heterogeneous
data streams, by taking as little as half of the space required
for the two alternatives. Finally, it is interesting to observe
in Figure 5(d) that our approach exhibits good scalability
when run in parallel mode. The indexing throughput is at its
maximum when running with three threads. We do not include the performance of parallel indexing using RDBMS,
because its complex table locking mechanisms lead to very
poor performance in multi-threaded mode.

4 Automatic Tuning and Rate Control

3.5 Performance Evaluation

In this section, we present several self-tuning mechanisms used by ArQSS to adaptively optimize its performance.

In this section, we provide some performance comparisons with the naive relational and record serialization ap5
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Figure 5. Comparisons of three indexing techniques
and Figure 6(d), if extra-bits is too large, the index file will
grow unnecessarily (i.e., with negligible improvement in indexing performance), causing a significant degradation in
query performance.
From the experimental data shown in Figure 6(b) and
Figure 6(d), we observe that the final performance is determined by two observable factors: (i) uniformity: i.e., the
number of new sections created, and (ii) efficiency: how
many zero’s are present in the bitmap index. At the optimal operating point, we wish to maximize both uniformity
(small number of sections) and efficiency (small number of
zeros in bitmap index). Unfortunately, the two objectives
are conflicting. Our approach is to formalize the definition
of uniformity and efficiency, and derive a combined objective function which incorporates both factors.

4.1 Tuning parameters by objective function optimization
We begin with the selection of the run-time parameters
extra bit allocation and attribute expiration, which will be
referred to as extra-bits and expiration, respectively, in the
remainder of this paper.
The effects of expiration and extra-bits on indexing and
query processing performance are shown in Figure 6(a) and
Figure 6(c), respectively. Note that by increasing both parameters, we improve the performance. However, increasing expiration and extra-bits also affects the segmentation
of the data stream into sections and the storage efficiency.
Figure 6(b) and Figure 6(d) show how the two parameters
affect the rate of section creation and the resulting index
size. In particular, there is a clear optimal operating point
for extra-bits (20 ∼ 40), for which the performance is ideal
and the index size is kept small. According to Figure 6(c)

Definition 1 (Observable Performance Measures)
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Definition 2 (Combined Objective Function) Consider a
scaled sigmoid function:
Given a time period T , the uniformity of the index is
u(T ) =

σ(x) =

|sections created in T |
|readings received from stream in T |

1
1 + exp(−10x)

Given a time period T , define the combined objective function as:

. The efficiency of the bitmap index is
η(T ) = σ(u(T ) − c1 ) · σ(e(T ) − c2 )
|true bits written in T |
e(T ) =
|total bits written in T |

where 0 < ci < 1 for i = 1, 2.

.

The scaled sigmoid function σ(x − 0.7) is shown in Figure 7.
The two parameters c1 and c2 control the emphasis on
the performance measures u(T ) and e(T ), respectively. If
c1 is set to be small (< 0.2), then σ(u(T ) − c1 ) is nearly
always close to 1, hence variation of η(T ) is dominated by
e(T ).
We simply try to optimize η(T ) by dynamically varying
the run-time parameters expiration and extra-bits , using
the steepest gradient ascent method [13]. In order to overcome local optimums, we employ the simulated annealing
technique in our optimization. Our run-time optimization
architecture is outlined in Figure 8.
Figure 6(e) shows the variation of u(T ), e(T ) and η(T )
over the two run-time parameters expiration and extra-bits
. In this experiment, we set c1 = c2 = 0.5, giving u(T )
and e(T ) equal emphasis. As we can observe empirically,
the global maximum of η(T ) agrees well with the optimal
performance point observed in the performance evaluation
(Figure 6(a) and Figure 6(c)).
Finally, Figure 6(f) shows the run-time response of our
system under automatic performance tuning. The top plot

Note that the two measures are bounded by the interval
[0, 1].
Since we wish to maximize these two conflicting measures, we need to derive a combined objective function η(T )
whose maximum corresponds to near-optimal points of both
u(T ) and e(T ). We also wish to parameterize the objective
function to be able to favor one measure (say u(T )) over
the other (say e(T )), to varying degrees. One possibility
is to take a linear combination: c · u(T ) + (1 − c) · e(T ),
where how much each measure is favored depends on c or
(1 − c), respectively. However, our experience shows that
due to the sensitivity of the system, any linear combination
of u(T ) and e(T ) would not work well – the tendency is
that the system is always dominated by one measure (which
one depends on the system), regardless of the setting for c.
Another option is to take their product: u(T ) · e(T ). This
does not offer any freedom or control over the degrees of
emphasis (or favoring) of each measure.
We choose to combine the two measures by multiplying
two scaled sigmoid functions.
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2.5

shows the overall (normalized) indexing rate which gradually improves until it settles. The middle plot shows the rate
of sections being created. During optimization, new sections are rapidly created until the system settles to an ideal
operating point. The bottom plot shows the resulting objective function during optimization.
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5 Structural Clustering
In the previous section, we observed that reducing both
the number of sections (i.e., uniformity) and the number
of zero bits (i.e., efficiency) leads to improvement in the
overall performance (of both indexing and query processing). In this section, we propose to apply a simple online
clustering algorithm to group the incoming data stream into
multiple sub-streams each of which is more structurally homogeneous. By grouping similarly structured data records
into the same section, we can keep the number of sections
small without sacrificing efficiency — in fact, efficiency is
increased (number of zero bits reduced) at the same time.
The online clustering algorithm is similar to online algorithms proposed by Guha et. al. [9] and Aggarwal et. al.
[2, 3]. Density based cluster algorithms [7] and clustering of streams [5] do not apply to our scenario since they
cannot be used to group individual readings based on their
structural similarity.
The main idea is to sample enough readings, r, from the
stream and perform k-means clustering [10] according to
their bit vector ~b(r) using the Hamming distance measure
[10]. In order to maintain high indexing rate, the samples are collected and clustered by the k-means clustering
in a separate cluster advisor thread. The main indexing
thread continues until the cluster advisor thread detects a
strong presence of multiple clusters. Once the clusters are
detected, the advisor thread interrupts the main indexing
thread which creates multiple indices, one for each cluster. Future readings are classified into nearest clusters and
are indexed into the respective stream index. The cluster
advisor thread continuously samples incoming readings to
detect changes in the cluster structure. If significant changes
are detected, then the main index thread is interrupted again,

The control loop computes the value of p using:
t

0.8

0
0

err(t) = (actual rate at t) − (desired rate at t)

Z

4

1

In Section 4.1, our emphasis is to automatically tune runtime parameters to achieve optimal indexing and querying
rate. However, at times, the maximal indexing rate may be
much too high for the allocated disk space to hold all readings in the specified time window. If the readings are arriving too quickly, then the indexer must perform indexing rate
control by means of down-sampling, in order to hold samples of all the readings. We adopt a simple uniform random
sampling technique: Upon the arrival of each reading, the
indexer flips a biased coin and decides whether the reading
should be kept or not. Let p be the bias of the coin: if p = 1,
then all readings are kept, and if p = 0, then all reading are
discarded. We introduce a run-time feedback control loop
which monitors the actual indexing rate, and adjusts p in
order to achieve some desirable rate. It is possible to extend this rate control technique by using non-uniform sampling, where samples are selected based on the significance
of their attribute and/or value information.
We utilize a standard proportional-integral-derivative
(PID) controller to control p. The error signal at time t is
defined as:

p(t) = k1 · err(t) + k2 ·

2.5
x 10

d
err(t)
dt

corresponding to the proportional, integral and derivative of
the error function. Selecting the coefficients k1 , k2 and k3 is
part of the controller tuning. We find that the setting of k1 =
1, k2 = 0.02; k3 = 0 provides good tracking response, and
is robust to a wide range of scenarios. We do not include
the derivative term (k3 = 0) because it is made particularly
unreliable by the inherent noise in the error signal.
Figure 9 shows the time response of the index rate under control. The top plot shows the normalized index rate
and the desired control rate over time. Observe that the controller decreases the value of p (shown at the bottom) when
the actual rate exceeds the control rate. The system stabilizes to a steady state after only 10 milliseconds, afterwards,
the observed rate closely tracks the control rate.
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There remains many unexplored issues we plan to investigate in the future. We briefly mention two here as future
work. Instead of uniform sampling of the data in indexing
rate control, we will develop non-uniform sampling methods based on attribute and value information of the data
records. Another interesting problem is the indexing and
storing of distributed data archives over a network.
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Figure 10. Indexing by clustering
and the index centroids (of the clusters) are updated.
To evaluate the performance gain from clustering, we
generate a data stream which is a random interleaving of
five simulated sensor outputs. In order to experiment with
the presence of noise, the attributes of each sensor stream
vary with probability (1 − d), where d ∈ [0.5, 1] is referred
to as the sensor determinism. For d = 0.5, sensors cannot
be distinguished statistically, and for d = 1, the sensors can
be easily distinguished statistically.
Figure 10 shows the index performance for different values of sensor determinism. The top plot shows that there
is as much as 20% performance gain in achievable indexing rate if the sensors can be statistically distinguished
(d ≥ 0.8). The bottom plot shows that the number of sections are significantly reduced by means of structural clustering.

6 Conclusion and Future Work
In conclusion, we studied the problem of indexing and
storing continuous data streams with heterogeneous structures that vary both over time and across different data
sources. We developed a bitmap-based indexer that archives
heterogeneous data and is both time- and space-efficient,
while affording fast querying of the archived data. Our index structure is highly adaptive to dynamics of structures
of data in the stream, to continually and consistently offer efficient storage and high rates of indexing and querying. Based on the cost-based optimization framework we
developed, and by using mechanisms of feedback control
and online structural clustering, our indexing engine is able
to automatically make adjustments of system parameters
to adaptively optimize performance. We implemented our
indexing and archiving system, and through extensive experiments, demonstrated its superior performance in indexing/querying rates and storage efficiency.
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Figure 6. Performance Evaluation and Optimization
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