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Abstract

A lot of real-time database (RTDB) research has
been done to process transactions in a timely fashion
using fresh data re
ecting the current real world sta-
tus. However, most existing RTDB work is based on
simulations. Due to the absence of a publicly available
RTDB testbed, it is very hard to evaluate real-time data
management techniques in a realistic environment. To
address the problem, we design and develop an initial
version of a RTDB testbed, calledRTDB2(Real-Time
Database Benchmark), atop an open source database
[5]. We develop soft real-time database workloads that
model online stock trades, providing several knobs to
specify workloads for RTDB performance evaluation.
In addition, we develop a QoS management scheme
in RTDB2to detect overload and reduce workloads, via
admission control and adaptive temporal data updates,
under overload. From the extensive experiments using
the stock trading workloads developed inRTDB2, we ob-
serve that adaptive updates can considerably improve
the transaction timeliness. We also observe that ad-
mission control can only enhance the timeliness under
severe overload, possibly causing underutilization prob-
lems for moderate workloads.

1 Introduction

In a number of real-time applications, e.g., stock
trading, agile manufacturing, and tra�c control, real-
time databases (RTDBs) are required to process trans-
actions in a timely fashion using a large number of tem-
poral data, e.g., current stock prices or tra�c sensor
data, representing the real world status. RTDBs can
relieve the di�culty of developing data-intensive real-
time applications by supporting the logical and tempo-
ral consistency of data via transactions. Also, in these
applications, RTDBs can signi�cantly outperform ex-

isting non-real-time databases (non-RTDBs) unaware
of timing and data freshness, i.e., temporal consistency,
requirements [15, 16].

RTDBs have been studied for more than a decade
producing key results; however, most existing work on
RTDBs is based on simulations [16], which have limita-
tions in modeling realistic workloads and real database
system dynamics. Very little prior work such as [1, 10]
has been done to evaluate real-time data management
techniques in real database systems. There are several
commercial RTDB products [11, 18, 14], but they are
not open to the public. They do not apply the lat-
est RTDB technology too. The lack of an open RTDB
benchmark is an obstacle for more active RTDB re-
search and application development in a realistic en-
vironment. To shed light on the problem, we design
and develop a RTDB testbed, calledRTDB2(Real-Time
Database Benchmark) on top of Berkeley DB [5]. To
our best knowledge, RTDB2is the �rst open source
RTDB testbed.

RTDB2models online stock trading, which is a data-
intensive soft real-time application. A stock broker-
age service consists of a large number of clients and
their transactions for online quotes and trades needed
to track, evaluate, and manage investments. Databases
are a key component of such services as stock broker-
age, because they support the ACID (atomicity, con-
sistency, isolation, and durability) properties of trans-
actions essential for trades [7]. Real-time data services
are required to process transactions within the speci-
�ed delay bound, e.g., 3s, and maintain the freshness of
stock prices in addition to supporting the ACID prop-
erties. Note that we do not consider individual trans-
action deadlines, because most online transactions are
not associated with separate deadlines. Instead, it is
desired for a RTDB to process as many trade trans-
actions as possible within a systemwide delay bound
to avoid losing a majority of clients due to excessive
service delays [4, 21].
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Although there are existing non-RTDB testbeds
such as the TPC (Transaction Processing Performance
Council) benchmarks [19], they mainly focus on the
average response time and throughput (i.e., transac-
tions/minute), which are not RTDB performance met-
rics [17, 16]. They do not consider data freshness con-
straints and timing requirements expressed by dead-
lines or a response time bound. Due to the complexity,
it is very hard to modify non-RTDB benchmarks for
RTDB performance evaluation. Further, most of them
are proprietary. For these reasons, we develop a novel
RTDB testbed to directly consider timing and fresh-
ness requirements by modeling stock trade workloads.
RTDB2provides several knobs by which one can control
transaction and update workloads applied toRTDB2for
timeliness and freshness evaluation under di�erent load
conditions. Overall, RTDB2is a starting point to de-
velop a realistic RTDB testbed.

We also develop a RTDB QoS management scheme
in RTDB2to detect overload and adjust the workload to
process as many trade transactions as possible within
the desired delay bound for real-time data services.
To detect overload and determine the required work-
load adjustment, we compute the degree of timing con-
straint violation based on the di�erence between the ac-
tual response time and the desired delay bound.RTDB2
applies admission control to avoid database thrashing
under overload [10, 12] considering the degree of timing
constraint violations rather than relying on (estimated)
transaction execution times [10, 9, 2], which are hard to
predict in databases involving transaction aborts and
restarts [15].

Frequent temporal data updates in RTDBs can con-
sume a lot of system resources [1, 9]. However, trans-
actions do not always access all temporal data in a uni-
form manner. Hot data, e.g., popular stock prices, can
be accessed more often than cold data. To improve the
transaction timeliness under overload, cold data can be
updated less frequently as long as the freshness of tem-
poral data accessed by user transactions is not a�ected
by more than the speci�ed bound [9]. Speci�cally, we
reduce the overhead of the adaptive update policy [9] to
e�ciently adjust update workloads when overloaded.

For performance evaluation, we have undertaken ex-
tensive experiments using the developed stock trading
workloads in RTDB2to compare the performance of ad-
mission control and adaptive temporal data updates
to a baseline approach, which simply accepts all in-
coming tasks and updates every temporal data with-
out relaxing the freshness constraints, similar to most
existing database systems with no QoS management.
Our adaptive update scheme can considerably improve
the transaction timeliness, while supporting the desired

freshness requirements, compared to the baseline. On
the other hand, we observe that admission is only e�ec-
tive under severe overload. Admission control generally
achieves the bestaverage response time; however, for
moderate workloads, it achieves a lowersuccess rate,
i.e., the number of timely transactions that �nish with
the delay bound per unit time, than the baseline and
adaptive update scheme. These results experimentally
verify that an average performance metrics is inappro-
priate for RTDB performance evaluation [17]. Even
though admission control is known to be e�ective for
overload protection in real-time systems [6], it may not
be directly applicable to RTDB performance manage-
ment unless transaction execution times, arrival pat-
terns, and data access patterns are known in advance.
Thus, from these experiments in a real system, we �nd
that database speci�c nature should be considered for
RTDB QoS management.

The remainder of this paper is organized as follows.
Related work is discussed in Section 2. Our RTDB
architecture, QoS management scheme, and database
schema and workloads modeling stock trading are dis-
cussed in Section 3. Performance evaluation results are
described in Section 4. Finally, Section 5 concludes the
paper and discusses future work.

2 Related Work

Real-time transaction processing is not fast transac-
tion processing [17]. Simplistic fast processing could
actually reduce the transaction timeliness. A sig-
ni�cant amount of research has been done in real-
time transaction scheduling and concurrency control
to support the transaction timeliness in RTDBs [3, 16].
However, most existing work is based on simulations.
Therefore, realistic experiments are required to com-
pare and verify existing core techniques for RTDB per-
formance management.

STRIP (STranford Real-time Information Proces-
sor) [1] is a real-time database system originally de-
veloped for research and commercialized later. Eagle-
Speed [11], Polyhedra [14], and TimesTen [18] are de-
veloped for real-time transaction processing, but they
are proprietary. BeeHive [10] is a recent e�ort for de-
veloping a RTDB testbed. It supports advanced real-
time transaction scheduling based on the data deadline
and forced wait concepts [23]. However, BeeHive is not
publicly available.

APPROXIMATE [22] is an approximate real-time
query processing framework. The accuracy of a query
answer monotonically increases as a query is executed
longer, while an imprecise answer can be returned to
meet the transaction deadline. Analogously, database
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sampling is used to process real-time queries using a
subset of data in the database, if necessary, to meet
their deadlines [13]. Adelberg et. al. [1] observe that
there is a trade-o� between transaction timeliness and
data freshness. If temporal data updates receive a
higher priority the data freshness can be improved,
while the transaction timeliness can be reduced and
vice versa. They propose several transaction schedul-
ing algorithms to balance the con
icting freshness and
timeliness requirements in RTDBs.

Several recent work [9, 2, 8], via simulations, has
studied QoS management issues for systematic perfor-
mance trade-o�s in RTDBs. They aim to support the
desired transaction timeliness and data freshness for
dynamic workloads by feedback control and QoS man-
agement techniques such as adaptive temporal data up-
dates, imprecise transaction processing, service di�er-
entiation, and admission control. In the future, key
techniques for RTDB QoS management can be imple-
mented and evaluated in RTDB2. As an initial e�ort,
in this paper, we apply admission control and adaptive
temporal data updates to improve the timeliness of soft
real-time transactions under overload.

3 Real-Time Database Testbed Design
and QoS Management

In this section, RTDB2architecture, RTDB2schema
and transactions, and overload detection and manage-
ment schemes are discussed.

3.1 RTDB2 Architecture
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Figure 1. RTDB2 Structure

Figure 1 shows the overall structure ofRTDB2con-
sisted of the admission control (AC), adaptive update
(AU), transaction scheduling (TS), concurrency control
(CC), performance monitoring, and QoS management

components. RTDB2users can con�gure to turn on or
o� these components individually for performance eval-
uation purposes. In RTDB2, periodic temporal data
updates receive a higher priority than user transac-
tions to ensure the required data freshness, similar to
[15, 9, 23]. The transaction scheduler applies the �xed
priority between user and update transactions in Q1

and Q2 in the �gure, while scheduling transaction in a
FCFS manner in each queue. For concurrency control,
we currently apply 2PL provided by Berkeley DB. A
transaction can be blocked, aborted, and restarted due
to data con
icts. Once blocked, it waits for the con-

icting transaction(s) to �nish in the block queue. One
can replace the FCFS and 2PL with real-time transac-
tion scheduling and concurrency control mechanisms.
This is reserved for our future work. The performance
monitor detects overload by periodically computing the
performance error, i.e., the di�erence between the mea-
sured response time and the desired delay bound. In
proportion to the error, the QoS manager shown in
Figure 1 computes the required workload adjustment
to be used for admission control and adaptive updates
under overload.

RTDB2follows the client-server model. To receive
RTDB services, a client thread �rst needs to send the
server a TCP connection request. It suspends until the
server accepts the connection request and allocates a
server thread. When the connection is established, the
client thread sends a transaction or query (i.e., read-
only transaction) processing request and suspends un-
til the corresponding server thread �nishes processing
the transaction and returns the result. After receiving
the result, the client thread waits for a think time uni-
formly selected in a con�gurable range, e.g., [0.5s, 1s],
before issuing another request, similar to [20, 4, 21].
For performance evaluation purposes, one can specify
the number of maximum client processes and threads.
As more client processes and threads are created, the
workload generally increases due to more data/resource
contention caused by concurrent transactions. In this
way, we can model realistic workloads in which hun-
dreds or thousands of concurrent transactions compete
for data and resources.

Update transactions in Figure 1 periodically update
the 3,000 stock data in the RTDB2server by pulling
and processing the corresponding stock prices from Ya-
hoo! Finance [24]. (Most free quote services including
Yahoo do not provide push services where the data
provider disseminates data.) Currently, there are 100
update threads in a RTDB2server. Each thread peri-
odically wakes up to pull prede�ned 30 stock prices
from Yahoo! Finance. One can specify the update pe-
riods of temporal data, i.e., stock prices in this paper,
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to determine the freshness requirements of temporal
data [15, 9] and corresponding update workloads. By
assigning short update periods, one can increase the
update workload and vice versa. Also, one can allo-
cate more update threads to further increase the num-
ber of temporal data and update workloads. Thus, the
current version of RTDB2provides three knobs for work-
load speci�cation: (1) the number of client threads and
range of think time, (2) the number of temporal data
and update threads in the RTDB2server, and (3) the
update periods of temporal data.

3.2 Database Schema and Transactions

The current version ofRTDB2consists of seven tables.
In this paper, we only consider data access to the four
tables: Stocks, Quotes, QuoteHist (Quote History),
and Portfolios. The small number of tables does not
limit the capability of RTDB performance evaluation,
since complicated tables such as Quotes and Protfolios
should be updated very frequently, while Stocks and
QuoteHist tables are necessary to make trade decisions.
TPC-C [20], which is a well known benchmark for on-
line transaction processing modeling data warehousing,
also supports �ve types of transactions on fewer than
10 tables, similar to RTDB2. Compared to TPC-C, our
testbed more closely models RTDB transactions involv-
ing signi�cant periodic temporal data updates and tim-
ing constraints as discussed before. Speci�cally,RTDB2
consists of the following tables and data attributes:

� The Stocks table consists of the stock symbol, full
name, and ID for each company.

� In the Quotes table, the company ID can be used
to uniquely identify a company's current quote in-
formation. This table's columns corresponds to
the Yahoo! Finance quotes' attributes. It is most
complicated in RTDB2; it consists of 17 columns in-
cluding the current price, trade time, low and high
price of the day, percentage of price change, bid-
ding price, asking price, trade volume, and market
capitalization for each company. For more details,
refer to [24].

� The QuoteHist table keeps track of historical val-
ues for each company. It has the same structure as
the Quotes table. A new quote data is appended
to QuoteHist for every update. Thus, a user can
query stock price trends, which can be important
for making investment decisions. Querying and
updating QuoteHist can create substantial I/O op-
erations as the the number of history data in the
table grows, a�ecting RTDB2performance.

� The Portfolios table has the account ID, com-
pany ID, and own 
ag to list all stock purchases
and sale orders for each client. One account ID can
correspond to multiple rows, i.e., portfolios. In the
current version of RTDB2, each client is associated
with 50 � 100 portfolios.

� The Accounts table maintains login information
of each client consisted of the account ID, user
name, and password attributes.

� The Currencies table lists 92 country's currencies
and their exchange rates for US dollar. It consists
of the country name, currency name, and exchange
rate attributes.

� The Personal table is composed of the account
ID, last name, �rst name, address, address2, city,
state, country, phone number, and email address
attributes.

In addition to temporal data updates, RTDB2sup-
ports four types of user transactions that can read,
write, insert, and delete data to model stock trades.

� VIEW-STOCK: A client can request, via this trans-
action, to select a speci�ed set of companies' in-
formation and their associated stock quotes.

� VIEW-PORTFOLIO: A client can request to select its
portfolios and see the associated stock quotes.

� PURCHASE: A client can place a purchase order for
selected stocks.

� SELL: A client can require program trading, in
which the server automatically trades the speci�ed
stock items in his/her portfolios when the values
of the stocks in a portfolios change by more than
a speci�ed threshold.

After establishing a connection with the server, a
client thread can request one of these transactions at
a time, possibly requesting a sequence of transactions
dispersed by think times before closing the connec-
tion. Clearly, our schema and transactions are not the
only way of designing and developing a RTDB testbed.
Other schema and transactions for di�erent applica-
tions, e.g., tra�c control, can also be implemented in
RTDB2.

3.3 QoS Management

In this section, the overload detection, admission
control, and adaptive update schemes supported by
RTDB2are described.
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3.3.1 Overload Detection

It is desired to limit the response time of a RTDB
to be below a certain threshold to maintain clients
[4]. However, a database system can be overloaded if
many users transactions are executed concurrently. As
a result, computational resources such as CPU cycles
and memory space can be exhausted. Moreover, many
transactions can be blocked or aborted and restarted
due to data contention.

To detect overload, we de�ne the degree of timing
constraint violations. Let ts be the desired delay bound
and tm be the response time measured periodically. In
this paper, we measure the performance at every 30s to
ensure that we have an enough number of transactions
committed within the sampling period. (Up to approx-
imately 1800 transactions are processed within 30s in
our experiments discussed in Section 4.) Iftm > t s,
RTDB2is considered overloaded and the degree of over-
load at the kth measurement period is:

� (k) = ( tm (k) � ts)=ts (1)

For instance, � (k) = 0 :2 when tm = 3 :6s and ts = 3 s.
In reality, workloads may vary from time to time.

Accordingly, the response time may vary from a mea-
surement to another. If admission control and adaptive
update schemes are applied based on instantaneous�
values, RTDB performance may signi�cantly 
uctuate.
To address the problem, we take an exponential mov-
ing average of� over several measurement periods. The
smoothed value� s(k) at the kth measurement period
is:

� s(k) = � � � (k) + (1 � � ) � � s(k � 1) (2)

where 0 � � � 1 is a tunable parameter. If � = 1
in Eq 2, � s(k) only takes the current � (k) value into
account to compute � s(k), while it considers a wider
horizon as a smaller value of� is chosen. In this paper,
we set � = 0 :6 to ensure that � (k � 5), i.e., the � value
measured �ve sampling periods ago, have a weight less
than 0.01 in computing � s(k).

3.3.2 Admission Control

To avoid database thrashing due to severe
data/resource contention, RTDB2applies admission
control to incoming transactions when � s(k) > 0. For
example, if � s(k) = 0 :2, our admission control scheme
tries to reduce the number of concurrent transactions
by 20% to support the desired response time bound.
However, the database system may not be able to
immediately kill transactions for database consistency
reasons. Thus, in this example, the database system
has to wait for 20% of the transactions currently in the

system to �nish, decrementing � s(k) when one trans-
action �nishes within the kth measurement period. A
new transaction can be admitted when� s(k) becomes
negative within the period, while � s(k +1) is computed
at the beginning of the (k + 1) th period. BeeHive is a
RTDB system supporting admission control; however,
transaction execution times should be determined
o�ine for admission control [10]. This approach is only
applicable to a limited set of real-time data services
in which transactions and their arrival/data access
patterns are predetermined or highly predictable.

3.3.3 Adaptive Update Policy

To reduce update workloads under overload, we adopt
the notion of 
exible validity intervals [9] that can
gracefully relax absolute validity intervals [15] used
to maintain the data temporal consistency in RTDBs.
When data di 's absolute validity interval is avi[i ], its
update period p[i ] = 0 :5avi[i ] to maintain the freshness
of the data [15]. The adaptive update policy [9] based
on the 
exible validity interval ( fvi ) concept computes
the access update ratioAUR[i ] for each temporal data
di in the RTDB according to its update frequency, i.e.,
1=p[i ], and the measured access frequency:

AUR[i ] =
Access F requency[i ]
Update F requency[i ]

(3)

If AUR[i ] � 1, di is considered hot; otherwise, it is con-
sidered cold. When the system is overloaded, a fraction
of cold data can be updated less frequently by increas-
ing their update periods within a pre-speci�ed bound.
Let � indicate the update period relaxation bound. For
each temporal data di , fvi [i ] = avi[i ] initially. Given
� , a RTDB can increase the update period of an arbi-
trary cold data di at runtime as long as the following
condition is met:

avi[i ] � fvi [i ] � � � avi[i ] (4)

To maintain di 's 
exible temporal validity, p[i ] is al-
ways equal to 0:5fvi [i ] in RTDB2.

The coldest data with the lowest AUR value is de-
graded �rst in [9]; however, this requires sorting the
AUR's. The complexity of sorting is O(n logn) for n
temporal data. To reduce the overhead, we check each
cold data whether its update period can be further in-
creased by a pre-speci�ed value, e.g., 10%, without vi-
olating the condition described in Eq. 4. Thus, the
overhead is reduced toO(n). This freshness degrada-
tion is repeatedly applied to up to � s(k) � n cold data
at each freshness adaptation period, which is equal to
the overload detection period described before. Our
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overload detection, admission control, and adaptive up-
date schemes can be further improved for more e�cient
overload management. For example, control theoretic
approaches [9, 2, 8] can be applied to support the de-
sired response time even when the system is in a tran-
sient status. A thorough investigation is reserved for
future work.

4 Performance Evaluation

In this section, we evaluate the performance of
RTDB2for an increasing number of client threads. For
a RTDB2server, we use a Dell laptop with the 1.66 GHz
dual core CPU and 1 GB memory, which runs Linux
with the 2.6.15 kernel. We use two Dell desktop PCs
to create up to 1,800 client threads. One PC has the 3
GHz CPU and 2GB memory, while the other one has
the same CPU and 4 GB memory.

The client and sever machines are connected via a
100 Mbps Ethernet switch. Each client machine gener-
ates between 300 to 900 client threads. Therefore, we
generate 600� 1800 client threads for performance eval-
uation. A client thread can issue one of the four user
transactions described in Section 3. More speci�cally,
60% of client requests areView-STOCKand other 40%
transactions are uniformly selected among the other
three types of transactions. The number of data ac-
cesses in one transaction varies between 50 and 100.
The think time uniformly distributed in [0 :3s, 0:5s].
There is a singleRTDB2server process in our experi-
ments. The size of the TCP connection queue in the
server is 2000 and the server can run up to 350 concur-
rent threads to process user transactions.

In RTDB2, Quotes table maintains the 3000 stock
data. For arbitrary temporal data d[i ] in the database,
its 
exible validity interval fvi [i ] = 1 s and update pe-
riod p[i ] = 0 :5s initially to support the freshness. We
set the update period relaxation bound� = 2. Hence,
the update period of a temporal data can be increased
up to 2s in this paper. As described in Section 3,RTDB2
maintains the update period p[i ] = 0 :5fvi [i ] to support
the data temporal consistency.

Given the update and user transaction workload set-
tings, we compare the performance of (1)Berkeley DB
(BASE), (2) Admission Control (AC), and (3) Adaptive
Update Policy (AUP) for an increasing number of client
threads. In BASE, we apply neither admission control
nor adaptive update policy. Thus, we evaluate the per-
formance of Berkley DB underlyingRTDB2. We observe
whether or not AC and AUP described in Section 3.3
can improve the performance. One experiment lasts
for 15 minutes. Each performance data presented in
this paper is the average of 5 runs. 90% con�dence in-

tervals are also derived and plotted as vertical bars in
the graphs.

4.1 Success Rate
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Figure 2. Success Rate

In this paper, we use 3s as the desired delay bound.
Figure 2 shows the success rate, i.e., the number of
timely user transactions per second (ttps) that com-
plete within the desired 3s response time bound. Gen-
erally, the success rate of AUP is the highest among
the three approaches. For 900 client threads, AUP
achieves 93.62 ttps and BASE supports 86.92 ttps. The
success rate of BASE quickly drops as the number of
client threads increases. For 1800 client threads, its
success rate is only 38.87 ttps due to severe overloads.
A drawback of AUP and BASE is the relatively large
con�dence intervals shown in the �gure. In our experi-
ments, approximately 20% to 30% transactions show
substantially long response time. For example, the
longest response time of BASE is 89:25s in a sampling
period when the number of client threads is 1200. This
is because some transactions access a larger number
of data than the others incurring many data/resource
contention.

This is because AUP depends on potentially time-
varying data access patterns and the strict upper
bound for freshness degradation expressed by� .

AC shows the lowest success rate when the num-
ber of client threads � 1500. It implies that applying
admission control to moderate workloads can impair
the success rate due to unnecessary transaction rejec-
tions. Under overload, however, AC performs well. For
1800 client threads, the success rate of AC is 45.34
ttps, which is close to the success rate of AUP. Ad-
mission control becomes too pessimistic in our experi-
ments, since a subset of transactions su�ering long re-
sponse times signi�cantly a�ect the average response
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time statics taken at a performance measurement pe-
riod. As a result, too many transactions are dropped.
In BeeHive [10], admission control� based on execution
times analyzed o�ine � is observed to be e�ective for
mainly overload conditions, similar to our results. To
avoid the low success rate due to underutilization, ad-
mission control needs to be applied only under severe
overload with signi�cant data/resource contention. To
further enhance the success rate, AUP can be applied
�rst for overload management, while applying AC un-
der severe overload conditions. A thorough investiga-
tion of more sophisticated admission control and its in-
teractions with adaptive updates is reserved for future
work.
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Figure 3. Average Response Time

Figure 3 shows that the average response time� a
performance metric commonly used in non-RTDB
benchmarks� is misleading. In the �gure, AC, which
generally achieves the lowest success rate in Figure 2,
shows the best average response time. Thus, not the
average response time but a real-time performance
metric that can measure the timeliness of individual
transactions, e.g., the success rate, should be consid-
ered for RTDB performance management and evalua-
tion.

4.2 Freshness

Figure 4, shows the average degree of update pe-
riod extension Pext = 1

N

P N
i =1

p[i ]
p[i ] init

where N is the
total number of the temporal data in the database,p[i ]
is the potentially extended update period of temporal
data d[i ], and p[i ]init is the initial update period of d[i ].
When Pext = 2, the update period of every temporal
data is doubled, i.e., p[i ] = 1 s for arbitrary data d[i ]
in RTDB2. Since the update period relaxation bound
� = 2, the result ranges in [1:0, 2:0] as shown in the �g-
ure. Thus, the freshness requirement considered in this
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paper is met. As the number of client threads increases,
AUP can extend more update periods to support the
desired delay bound for more user transactions. As a
result, Pext generally increases for the increasing num-
ber of the client threads, while satisfying the freshness
requirements.

5 Conclusions and Future Work

Most existing RTDB research is based on simula-
tions using synthetic workloads. There is no open
RTDB testbed. Thus, evaluating real-time data man-
agement techniques in a realistic environment is very
di�cult. To address this problem, we develop an initial
version of a RTDB testbed calledRTDB2to model stock
trading. Timing and data freshness constraints are
considered throughout the design, development, and
evaluation of RTDB2. We also develop overload detec-
tion, admission control, and adaptive update schemes
to enhance the transaction timeliness under overload.
Via extensive experiments using the developed stock
trade workloads in a real system, we observe that
adaptive updates can considerably improve the trans-
action timeliness compared to the underlying database,
which does has no overload detection and load shedding
schemes. In contrast, we �nd that admission control
needs to be applied under severe overload conditions
only. In the future, we will further enhance our RTDB
testbed. We plan to evaluate key real-time transaction
scheduling and concurrency control algorithms. Fur-
ther, we will investigate new techniques for RTDB QoS
management.
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