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Abstract—Supporting timely data services using fresh data in data-intensive real-time applications, such as e-commerce and
transportation management, is desirable but challenging, since the workload may vary dynamically. To control the data service delay
to be below the specified threshold, we develop a predictive as well as reactive method for database admission control. The predictive
method derives the workload bound for admission control in a predictive manner, making no statistical or queuing-theoretic assumptions
about workloads. Also, our reactive scheme based on formal feedback control theory continuously adjusts the database load bound
to support the delay threshold. By adapting the load bound in a proactive fashion, we attempt to avoid severe overload conditions
and excessive delays before they occur. Also, the feedback control scheme enhances the timeliness by compensating for potential
prediction errors due to dynamic workloads. Hence, the predictive and reactive methods complement each other, enhancing the
robustness of real-time data services as a whole. We implement the integrated approach and several baselines in an open source
database. Compared to the tested open-loop, feedback-only, and statistical prediction + feedback baselines representing the state of
the art, our integrated method significantly improves the average/transient delay and real-time data service throughput.
Index Terms—Real-Time Data Services, Predictive and Feedback Control of Data Service Delays, Implementation and Performance
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1 I NTRODUCTION
Data-intensive real-time applications, including ecommerce, traffic control, and military applications,
need to process queries and transactions in a timely
fashion using fresh (temporally consistent) data that
reflect the current market or traffic status [2], [3]. In
e-commerce, for example, stock quote queries and trade
transactions should be processed within the acceptable
response time bound using up-to-date stock prices.
If the service delay is longer than a few seconds,
most e-commerce clients tend to leave [4]. Transaction
processing based on stale data, such as outdated stock
prices, may adversely affect decision making. Similarly,
data service requests for transportation management
should be processed in a timely manner using fresh
data representing the current traffic status.
Most existing (non-real-time) databases are unaware
of the timeliness and data freshness requirements. They
only aim to improve the long-term average response
time or throughput. As a result, the transient data service
delay may often exceed the desired threshold value by a
large magnitude, even if the long-term average delay is
acceptable. To address the problem, we aim to support
the timeliness of data services in the context of real-time
databases (RTDBs) [2], [3]. Data stream management
systems (DSMS), such as [5]–[8], aim to support fast
processing of stream data on the fly. Although related,
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DSMS and RTDBs have different data and system models. Generally, RTDBs periodically update temporal data,
e.g., stock prices or sensor data, to support the temporal
consistency of data within their confidence intervals [2],
[3]. RTDBs intend to process one-time user transactions
in a timely fashion using temporally consistent data. On
the other hand, DSMS [5]–[8] usually assume that data
may arrive in a bursty manner and execute the related
continuous queries upon data arrivals. Although these
data and transaction/query models are not fixed, DSMS
and RTDBs are designed to deal with different scenarios
[9], [10]. Thus, overload management techniques developed for RTDBs may not be directly applicable to DSMS
and vice versa.
Supporting the desired timeliness and data freshness
is challenging, since real-time data service requests may
arrive in a bursty manner, for example, due to the
varying market or traffic status. Also, the degree of
data/resource contention may change from time to time.
Due to these challenges, it is very hard, if at all possible,
to provide hard real-time guarantees. In this paper,
we consider soft real-time applications such as online
trades or target tracking, in which a large service delay
may degrade the quality of service (QoS) but does not
cause a catastrophic result. Our goal is to control the
average/transient data service delay to be below the
specified threshold even in the presence of dynamic
workloads, while supporting the freshness of data.
Feedback control [11], [12] is effective to manage the
RTDB performance [1], [13]–[15]. By continuously measuring the data service delay and adapting the workload
in the closed-loop, the desired data service delay bound
can be closely supported. However, feedback control
only reacts to performance errors. A feedback controller
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takes a control action after a performance problem, such
as an excessive data service delay, is detected. In an
extreme case, a feedback controller may fail to support
the desired performance, if the workload significantly
deviates from the operating range used for designing
and tuning the controller [11], [12]. As a result, the
robustness of real-time data services could be largely
impaired.
In this paper, we aim to substantially improve the
robustness of real-time data services by supporting not
only reactive but also proactive techniques for admission
control to avoid large data service delays exceeding the
desired delay threshold. A list of our key contributions
follows:
•

•

•

We develop a new approach to adapting the
database load bound for admission control in a
predictive fashion, making no statistical or queuingtheoretic assumptions about workloads. In this way,
we attempt to avoid overload conditions before they
occur.
We seamlessly integrate the predictive method with
a feedback-based admission control scheme developed in our previous work [1].
In addition, we extend Chronos [15]−our QoSaware database system built atop an open source
database [16]−by implementing the integrated
predictive-reactive method. The new system is
called Chronos-2. We thoroughly evaluate the
performance of the integrated predictive-reactive
method and three baselines representing the state of
the art in Chronos-2. Notably, our work is different
from most existing RTDB work not implemented
and evaluated in a real database system [14], [17].

In Chronos [15], the feedback controller dynamically
adapts the queue length, if necessary, to support the desired data service delay, e.g., 2s. Generally, a delay bound
of a few seconds is realistic. For example, E*TRADE
[18] and Ameritrade [19] provide a 2s and 5s execution
guarantee, respectively1 . In these systems, a user is not
charged commission for a trade that takes longer than
the delay bound. Also, queries and transactions, e.g.,
stock quotes and sale/purchase transactions, in these
database systems are relatively simple and predefined
for timeliness [2], [3]. However, although the functionalities of transactions are often predefined in RTDBs,
the amount of data to process may change from data
service request to request unless every user accesses
the same amount of data. Thus, it is more effective
to manipulate the amount of data to process, called
the database backlog, rather than managing the queue
length to closely support the desired data service delay
1. Automated high frequency trading systems that support milliseconds of delays exist [20]. In this paper, we focus on processing
interactive data service requests, similar to [18], [19]. Our approach
could be adapted to support a shorter delay bound by either admitting
fewer requests or using more computational resources. A thorough
investigation of these system design and tradeoff issues is reserved
for future work.

2

threshold [1]. Based on this observation, we design a
database-specific feedback control scheme to adapt the
data service backlog bound in the closed-loop, if necessary, to support the desired data service delay threshold
even in the presence of dynamic workloads.
Furthermore, we design a new mathematical model to
adapt the database backlog bound in a proactive manner,
if necessary, to support the desired delay threshold. Our
feedforward regulator2 predicts the impact of transient
load changes on the data service delay. Specifically,
we extend the geometric model for web server delay
prediction [21] that only considers the queue length
and sequential processing of web service requests. Our
extended model predicts the data service delay based
on the database backlog rather than the queue length,
while considering concurrent processing of data service
requests.
In this paper, the predictive and reactive approaches
are integrated as a unified framework for admission
control. In the integrated predictive-reactive scheme, an
incoming data service request is admitted to the database
system, if the estimated total backlog does not exceed the
backlog bound after admitting the request. Otherwise,
the request is rejected and a system busy message is
sent to the client. By adjusting the backlog bound in a
proactive manner, the robustness of the feedback control
scheme is enhanced due to the reduced burstiness of
workloads. Also, the backlog bound is adapted by the
feedback control signal computed at the next sampling
interval to compensate potential prediction errors due to
dynamic workloads. In sum, we integrate the predictive
and reactive methods in a synergistic manner to systematically enhance the data service quality in terms of the
average/transient data service delay.
To evaluate the effectiveness of the proposed approach, we conduct extensive experiments. Although
our predictive and reactive methods for timely data
services is not limited to a specific soft RTDB application, our RTDB benchmark models stock trading
as a case study. Our benchmark has similar database
schema and transactions to TPC-W [22]. Especially, it
extends TPC-W by adding periodic temporal data updates needed to meet the data freshness requirements in
RTDBs [2], [3]. For consistent performance comparisons,
all the tested approaches are implemented in Berkeley
DB [16] that is a popular open source database. Our
integrated predictive-reactive scheme significantly outperforms the open-loop Berkeley DB that accepts all
incoming requests with no feedback or feedforward control, a feedback-only method [1], and a novel approach
for timely data services based on statistical feedforward
+ feedback control [23], which represent the current state
of the art.
In all the experiments, our integrated predictive2. In this paper, our delay prediction scheme is also called a feedforward regulator to emphasize that it proactively adjusts the database
workload to support the desired data service delay in concert with a
feedback control scheme.
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reactive scheme controls the average data service delay
to be below the desired delay threshold. It shows no
transient delay overshoots, i.e., transient delays larger
than the specified bound, for more than 99% of the time
during the experiments. At the same time, the magnitude of the overshoots is negligibly small. Moreover,
our approach increases the timely throughput, i.e., the
total amount of data processed by timely transactions
that finish within the desired delay bound, by up to
92% compared to the feedback-only baseline. Note that
our approach is lightweight. We have measured the
CPU consumption through the /proc interface in Linux.
Our integrated predictive-reactive approach for real-time
data services consumes less than 2% CPU utilization in
total, while using less than 5KB of memory mainly to
store the meta data needed to estimate database backlog.
The rest of this paper is organized as follows. The
architecture of Chronos-2, admission control scheme,
database backlog estimation method, and real-time data
service requirements are described in Section 2. A description of our feedforward regulator is given in Section 3. Our feedback control scheme is discussed in
Section 4. The performance of the predictive-reactive
scheme and baselines is evaluated in Section 5. A discussion of related work is given in Section 6. Finally,
Section 7 concludes the paper and discusses future work.

2

A RCHITECTURE FOR
VICES

T IMELY DATA S ER -

In this section, an overview of Chronos-2 architecture
and predictive-adaptive admission control scheme for
timely data services is given. Also, the backlog estimation scheme and an example service level agreement
(SLA) used for performance evaluation in this paper are
described.
2.1

Chronos-2 Architecture

Figure 1 shows the architecture of Chronos-2. It consists
of the database backlog estimator, feedforward regulator,
feedback controller, admission controller, performance
monitor, and a database server. The backlog estimator
estimates the total amount of data the database has to
process to handle the data service requests, i.e., queries
and transactions, currently in the system. The feedforward and feedback controllers adapt the backlog bound,
if necessary, to support the desired delay bound in a
predictive and reactive manner, respectively. The admission controller admits or rejects an incoming data service
request, if the sum of the estimated amount of data to be
accessed by the request and the current database backlog
does not exceed the backlog bound computed by the
feedforward and feedback (F3 B) controller.
The database server processes data service requests
such as stock quote queries and online trade transactions. Also, it periodically updates stock prices received
from the real-time data generator to support the freshness of stock prices. In Chronos-2, dedicated threads
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are reserved to update stock prices. These threads for
periodic updates are always executed to support the data
freshness essential for real-time data services [3]. Thus,
admission control is only applied to user requests, if
necessary, to avoid overload.
Specifically, Chronos-2 periodically updates 3000 stock
prices. A fixed update period selected in a range [0.2s,
5s] is associated with each stock price. The schema of the
stock price data follows the schema of Yahoo! Finance
data [24]. Online stock price tickers are available for
free of charge; however, the update frequencies of online
tickers such as [24] is generally lower than the update
frequencies used in this paper. Also, online tickers usually provide price updates for only a small number
of stock items. To support relatively high frequency
updates for thousands of data items, we use our own
data generator. Note that actual stock prices are not
important in this paper, because we are not building a
commercial stock trading system but a RTDB testbed.
The database server schedules accepted requests in
a FIFO (First-In-First-Out) manner, while applying 2PL
(two phase locking) [25] for concurrency control. Our approach can support timely data services without requiring special scheduling support from the underlying realtime operating system, which is not usually employed by
e-commerce applications. Since most databases support
FIFO and 2PL, our QoS-aware approach, i.e., F3 B, is
relatively easy to deploy.
2.2 Admission Control via F3 B
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Fig. 2. Feedforward and Feedback Control of the Data
Service Delay
For F3 B control, we let the k th (≥ 1) sampling period
be the time interval [(k − 1)SP, kSP ). The k th sampling
instant is equal to kSP . Let n(k) be the number of
the data service requests, i.e., transactions and queries,
processed in the k th sampling period. Our F3 B admission
controller is depicted in Figure 2. Also, a description of
its overall behavior follows:
th
• At the k
sampling instant, the feedforward regulator in Figure 2 predicts the database backlog bound
bf (k) to control the data service delay to be smaller
than or equal to the desired delay bound St in the
(k + 1)th sampling period as shown in Figure 3.
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•

•

Note that every parameter needed to compute bf (k)
is known at the k th sampling instant. Thus, bf (k)
to be used in the (k + 1)th sampling period can
be computed in a predictive manner at the k th
sampling instant. (A detailed discussion is given in
Section 3.) Initially, bf (0) is set to a small positive
constant c.
At the k th sampling instant, the performance monitor in Figure 2 computes the average service delay
Pn(k)
s(k) =
i=1 si /n(k) where si is the delay for
processing the ith service request finished in the k th
sampling period, i.e., the time interval [(k − 1)SP ,
kSP ) as shown in Figure 3. Specifically, the delay for
serving the ith request is: si = ci +qi +ei where ci , qi ,
and ei represent the TCP connection delay, queuing
delay, and processing delay for data accesses inside
the database by the ith request. Based on the error
err(k) = St −s(k), the feedback controller (discussed
in Section 4) computes the required backlog bound
adjustment bδ (k). Because no feedback is available
yet when the system starts running, we set bδ (0) = 0.
Thus, btotal (0) = bf (0) = c.
Given bf (k) and bδ (k), the admission controller updates the database backlog bound to be used during
the (k+1)th sampling period as depicted in Figure 3:
btotal (k) = bf (k) + bδ (k).

(1)

To manage the backlog bound, we also apply the
anti-windup technique [26]. If btotal (k) < 0 we set
btotal (k) = 0. To avoid excessive backlog, we also

•

make btotal (k) = max-data if btotal (k) > max-data
where max-data = max-queue-size · max-transactionsize, which is the estimated maximum transaction
size defined in terms of the amount of data for one
transaction to process.
In the (k+1)th sampling period, the database accepts
an incoming data service request Tnew as long as the
estimated backlog in the ready queue in Figure 1
does not exceed btotal (k) in Eq 1 after accepting the
new request. Eq 2 describes this admission control
rule:
Admit Tnew if dnew +

Qt
X

di ≤ btotal (k)

(2)

i=1

where dnew and di are the amount of data to be
processed by Tnew and the ith service request in the
ready queue, respectively. Qt is the total number of
requests in the ready queue at time t where kSP ≤
t < (k + 1)SP .
For our F3 B admission control scheme, we set the
sampling period SP = 1s during which several hundreds
to thousands of transactions arrive at the database in our
Chronos-2 testbed. One may argue that more frequent
feedback control using a shorter sampling period could
be more effective than F 3 B is. However, the measured
data service delay may widely vary from sampling
period to period, if the feedback controller uses too
short a sampling period, in which few service requests
can finish. As a result, the performance of the feedback
control system may largely fluctuate. Also, frequent
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sampling increases the overhead. In fact, selecting an
optimal sampling period is a difficult problem [11].
Especially, it is harder in a computational system, such
as a database system, whose behavior is highly dynamic
and stochastic unlike physical systems, such as the cruise
control system in automobiles, which can be modeled
following physics laws [12]. A thorough investigation of
a more advanced approach for selecting a cost-effective
sampling period for QoS-aware data services is reserved
for future work. All the tested approaches, including
ours, applying feedback control theory use the same
sampling period for fair performance comparisons in
Section 5.
2.3

5

•

Backlog Estimation

Our case study considers common types of transactions
for online trades: view-stock, view-portfolio, purchase,
and sale for seven tables [1]. The database schema and
transactions are similar to TPC-W [22], which models
a small number of tables and well-defined queries and
transactions such as catalog browsing, purchase, and sale
in an emulated online bookstore. Further, we add periodic stock price updates for data freshness management
as discussed before. We claim that our benchmark is
more appropriate than DSMS benchmarks such as TPCDS [27], since the focus of this paper is to support the
desired delay for processing one-time, interactive transactions in the context of RTDBs rather than processing
persistent queries in DSMS.
For backlog estimation, we leverage our stock trade
database schema and semantics of transactions/queries,
which largely affect the data access pattern and amount
of data to process. Especially, we focus on a subset of the
tables directly related to the database backlog estimation.
The information about the schema and transaction types
in a database application is usually available. Further,
predefined (or canned) transactions can be used to support the timeliness of real-time data service requests to
support, for example, target tracking or traffic monitoring [2], [3]. Thus, our approach is applicable to workload
estimation in RTDBs. Specifically, for a transaction (or
query) Ti from a client, we estimate the amount of data
to access as follows.
• View-stock: This query is about a set of companies’
information and their associated stock prices. To
process this request, the database system needs to
access STOCKS and QUOTES tables that hold <stock
symbol, full company name, company ID> and
<company ID, current stock price> for each company. After parsing the query, the system finds the
number of companies nc specified in the query. It
then calculates the amount of data to access for Ti :
di = nc · {r(STOCKS) + r(QUOTES)} where r(tbl) is
the average size of a row (i.e., the average number
of bytes in a row) in table tbl.
• View-portfolio: In this query, a client wants to see
certain stock prices in its portfolio. For each stock

•

item in the portfolio, the system needs to look up the
PORTFOLIOS table that holds <client ID, company
ID, purchase price, shares> to find the company
IDs used to look up the QUOTES table. Thus, the
estimated amount of data to access for this query is:
di = |portf olio(id)| · {r(PORTFOLIOS) + r(QUOTES)}
where |portf olio(id)| is the number of stock items
in the portfolio owned by the client whose ID is id.
Purchase: When a client places a purchase order for
a stock item, the system first gets the current stock
price from the QUOTES table. If the purchased stock
was not in the portfolio before the purchase, the
stock item and its purchase price are added to the
portfolio. If it is already in the portfolio, the system updates the corresponding shares. Hence, the
estimated amount of data accesses for a PURCHASE
transaction is: di = r(QUOTES) + (|portf olio(id)| + 1)
· r(PORTFOLIOS).
Sale: A client can sell a subset of its stocks in
the portfolio via a sale transaction. In our current
implementation, a client simply specifies the number of stocks ni,sell that it wants to sell where
ni,sell ≤ |portf olio(id)|. To process a sale transaction, the system scans the PORTFOLIOS table to find
the stock items belonging to this client’s portfolio.
Using the stock IDs found in the PORTFOLIOS table, the system searches the QUOTES table to find
the corresponding stock prices. After that, it updates the client’s portfolio in the PORTFOLIOS table
to indicate the sale. Thus, the estimated amount
of data to process for this transaction is: di =
|portf olio(id)| · r(PORTFOLIOS) + nsell · r(QUOTES) +
nsell · r(PORTFOLIOS).

For database backlog estimation, the transaction size is
measured in terms of the number of data accesses, e.g.,
the number of the stock prices to read or the number
of portfolio updates, needed to process the transaction.
This approach is similar to techniques for evaluating
database operators [25]. We take this approach, because
our stock trading testbed mainly handles textual data
whose size does not significantly vary from row to row
(or table to table). Thus, in this paper, the row size is
considered uniform. For different types of data such as
images, backlog estimation needs to consider the size of
individual data items in addition to the number of data
to access.
Two kinds of meta data are used for estimation: system
statistics and materialized portfolio information. System
statistics are used to obtain general information of every
table such as the number of the rows, row sizes, and
number of distinct keys in the table. We periodically
update the statistics at every sampling period. For more
accurate backlog estimation, we keep track of the number of the stock items in each user’s portfolio via view
materialization. In this paper, portfolio information is
materialized for backlog estimation; that is, we precount the number of stock items in each user’s portfolio
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and incrementally update the number whenever it is
changed. By doing it, we can maintain the consistency
between the meta data and the underlying table in the
database. When a client wants to look up its portfolio,
our backlog estimator can immediately find how many
stocks need to be quoted to process this request using
the meta data.
2.4

Example Service Level Agreement
TABLE 1
Service Level Agreement
Notation
St
Sv
Tv

Description
Service Delay
Delay Overshoot
Settling Time

Desired Performance
St ≤ 2s
Sv ≤ 2.5s
Tv ≤ 10s

An SLA can be specified by an administrator of a realtime data service application, such as e-commerce, and
agreed with clients. The SLA considered in this paper is
given in Table 1. In this SLA, the average delay needs
to be shorter than or equal to St = 2s, because most
clients are likely to leave if the service delay becomes
longer than a few seconds [4]. We also specify transient
performance requirements, because a long-term average
delay may not fully represent the quality of data services.
The transient service delay is the average of the service
delays measured in one sampling period. An overshoot
Sv , if any, is a transient service delay longer than St . It
is desired that Sv ≤ 2.5s and it becomes smaller than or
equal to St within the settling time Tv = 10s. In this paper, our feedforward scheme adjusts the backlog bound
in a proactive manner, if necessary, to closely support the
desired delay threshold St . Also, formal control-theoretic
techniques [11], [12] are applied to control the desired
transient performance characteristics represented by Sv
and Tv in Table 1 in addition to supporting St . Due
to the systematic design, F3 B closely supports the SLA
given in Table 1 with few overshoots, while significantly
improving the timely throughput compared to the tested
baselines in our performance evaluation presented in
Section 5.

3 P REDICTIVE
AGEMENT

DATABASE BACKLOG M AN -

The objective of the feedforward regulator is to avoid
potential overload and large delays violating the SLA
in a proactive fashion. To model the relationship between incoming data service requests and resulting data
service delays, we extend a geometric model for web
server delay prediction [21]. In [21], the authors derive
a web server delay prediction model by using a diagram that shows the request arrivals at the system,
sequential processing of the web service requests, and
departures along the time line. Based on the queue
length and arrival times of requests, they estimate the
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future delay for processing the queued requests. The web
server then dynamically adapts the processing speed of
the CPU via dynamic voltage scaling to save energy,
while supporting the target delay. The advantage of the
geometric model [21] is its independence of a specific
queuing or statistical model. However, it only considers
the queue length and sequential request processing. In
this section, we develop a new model for database delay
prediction that analyzes the database backlog rather than
the queue length, while taking concurrent processing of
data service requests into account.
Figure 4 illustrates an example of processing data
service requests in a database. In Figure 4, the connection
delay ci , queuing delay qi , and processing delay ei are
depicted by an unfilled, dashed, and filled rectangle,
respectively. Table 2 summarizes the notations used to
describe our delay prediction model. In Chronos-2, an
incoming request is added to the ready queue in Figure 1 as it arrives. To support concurrent processing of
requests, Chronos-2 dequeues and schedules the first request in the queue as soon as a thread becomes available.
At time x in Figure 4, three transactions are executed concurrently; therefore, Px = 3. The number of
remaining transactions queued waiting to be processed
is: Qx = 6. As a result, the total number of requests in
the system at time x is 9; that is, Nx = Px + Qx = 9
in Figure 4. Based on this geometric model, we derive
the equation that describes the relationship between the
service delay and database backlog as follows. Let ŝ be
the average service delay of Nx requests; that is, ŝ is
the average length of Nx horizontal bars in Figure 4.
The area occupied by Nx bars, i.e., the polygon BFGD,
indicates the total service delay experienced by the Nx
requests, which is equal to ŝ · Nx where ŝ is the average
delay to be computed. The area of BFGD can be approximated as the sum of two polygon areas divided by the
vertical line CG: a polygon BFGC forming the area on
the left side of CG and a polygon CGD occupying the
area on the right side of CG. The area of the polygon
BFGC can be obtained by subtracting the area of AEFB
from the area of rectangle AEGC. Therefore, the area of
BFGD is geometrically expressed by:
BF GD

≈

AEGC − AEF B + CGD

(3)

The area AEGC in Figure 4 is EG · CG where the length
of EG is x − ts that indicates the difference between the
current time and the time at which the database system
started to operate. In the rest of the paper, we assume
ts = 0 for the clarity of presentation. The length of CG
is Nx , i.e., the number of data service requests in the
system. Thus, the area of AEGC is x · Nx .
The area AEFB is the area between the y-axis and the
starting point of each horizontal bar in Figure 4, similar
to a trapezoid. The starting point of the ith bar indicates
the time at which the ith request is issued at the client
side. Let ti be the starting point of the ith bar. Given that,
the area of AEFB can be computed as 12 Nx (t1 + tNx ).
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TABLE 2
Variables Used for Feedforward Regulator
Notation
si
ŝ
ci
qi
ei
di
ti
ρ
bf
Px
Qx
Nx
Ri

Description
Service delay for the ith service request
Average service delay
Connection delay for the ith service request
Queuing delay for the ith service request
Processing delay for the ith service request
Number of data accesses for the ith service request
Request issuing time for the ith service request, i.e., the beginning of the connection delay ci
Estimated processing delay per data access
Predicted backlog bound computed by the feedforward regulator
Number of service requests being processed at time x
Number of service requests in the ready queue at time x
Number of service requests in the system, i.e., Px + Qx
The ith service request in the system

request arrivals
and departures

A

11111111111111111
00000000000000000
00000000000000000
11111111111111111
1111111111111111
0000000000000000
00000000000000
11111111111111
111111111111111
000000000000000
000000000000
111111111111
00000000000000
11111111111111
00000000000
11111111111
000000000000
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Further, the area CGD can be approximated as a
triangle. Thus, its area can be computed as 12 (CG · CD).
The length of the vertical line CG is simply the number
of requests in the system, i.e., Nx . The length of the
horizontal line CD is the time interval between x and
y, i.e., y − x in Figure 4. Thus, the area of BFGD, ŝ · Nx ,
is:
1
1
ŝ · Nx ≈ x · Nx − · Nx · (t1 + tNx ) + · Nx · (y − x) (4)
2
2
By dividing Eq 4 by Nx , we get:
1
1
ŝ ≈ x − (t1 + tNx ) + (y − x)
2
2

y

(5)

The term (y − x) in Eq 5 indicates the total time
the database needs to spend to serve Nx requests as
shown in Figure 4. To predict the term (y − x) precisely,
we should have a priori knowledge of the blocking
delay, if any, caused due to potential data/resource
contention among transactions concurrently executed.
However, precisely predicting potentially time-varying
blocking delays in a database system is very hard, if at
all possible. Instead, we measure the average delay for
a single data access, ρ, from a separate experiment conducted offline. Given ρ and the estimated number of data
to be accessed by each transaction analyzed using the
backlog estimation technique described in Section 2.3,
we can estimate how much time will take to process a

time

processing delay

P Nx
transaction. In this way, we estimate (y − x) = ρ · i=1
di
where Nx is the number of transactions in the database
system and di is the estimated number of data to be
accessed by the ith data service request. Therefore, Eq 5
becomes the following:
x
1 X
1
di
ŝ ≈ x − (t1 + tNx ) + ρ
2
2 i=1

N

(6)

This approach is optimistic in that the actual data access
delay in Figure 4 may increase due to data/resource
contention among concurrent transactions. However, we
intentionally take this optimistic approach to avoid potential underutilization of the database system due to
pessimistic predictions. As many databases support 2PL
or variants, the optimistic nature of our approach could
compensate for potential pessimism about data conflicts
introduced by lock-based concurrency control. Further,
we apply a feedback-based reactive approach to adjust
the backlog bound, if necessary, to support the desired
delay threshold.
PN x
di , we get:
By solving Eq 6 for i=1
Nx
X
i=1

di ≈

1
2
{ŝ − x + (t1 + tNx )}
ρ
2

(7)

To estimate the backlog bound, i.e., the amount of data
to be processed for the requests in the ready queue, we
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subtract the number of data
that the database is
PPaccesses
x
di in Figure 4, from Eq 7.
currently processing, i.e., i=1
Finally, by replacing ŝ in Eq 7 with the desired average service delay bound St , we compute the estimated
backlog bound at the k th sampling instant, i.e., time x in
Figure 4:

bf (k)

≈

Nx
X

di −

i=1

≈

Px
X

di

i=1

Px
X
1
2
di
{St − x + (t1 + tNx )} −
ρ
2
i=1

(8)

that will be used to support the delay threshold St via
admission control in the (k + 1)th sampling period. To
summarize, in Eq 8, ρ is derived offline, St is given by
the SLA, x is the current time, and t1 and tNx are the
issuing times of the request 1 and request Nx . Further,
PP x
i=1 di is derived via the backlog estimation scheme. As
all the variables in Eq 8 are known at the k th sampling
point, the feedforward controller can derive bf (k) to be
used in the (k + 1)th sampling period without having
to wait for a feedback to be computed at the (k + 1)th
sampling point.

order difference equation that models s(k) using the n
previous service delays and database backlogs:
s(k) =

n
X

{αi s(k − i) + βi b(k − i)}

(9)

i=1

where s(k − i) is the average service delay of the data
service requests finished in the (k − i)th sampling period
and b(k − i) is the average database backlog in the period. Using this difference equation, we model database
dynamics considering individual data service requests,
potentially having different amounts of data to process.
Thus, our control model is fine-grained.
Start

1. Choose an operating range

2. Collect system dynamics data

3. Estimate model parameters

4. Evaluate the model

4 F EEDBACK C ONTROL OF DATA S ERVICE
D ELAYS
In addition to feedforward control of the backlog bound,
we apply feedback control techniques [11], [12] to support the desired delay bound even in the presence of
dynamic workloads. We apply formal control theory to
design a feedback controller for timely data services in
a stepwise manner:
1) Model the relation between the backlog and data
service delay.
2) Design and tune the feedback controller.
3) Evaluate the performance. If the desired performance is not supported, redo the previous steps.
A detailed description of system modeling and controller
design follows.
4.1

System Modeling

It is essential to model the controlled system, such as the
database system, to design a feedback control system
that can support the desired performance even when
dynamic workloads are given. Our control objective is
to support the desired data service delay by regulating
the database backlog bound.
Intuitively, the data service delay increases as the
backlog increases and vice versa. To capture the relation
between the backlog and data service delay, we employ
an ARX (Auto Regressive eXternal) model [11], [12]. Let
s(k) denote the average delay of the transactions and
queries that finished during the k th sampling period
and b(k) be the average database backlog measured in
the same sampling period. We build an nth (n ≥ 1)

Is model acceptable?

No

Yes
End

Fig. 5. Steps in System Identification (SYSID)
In Eq 9, n(≥ 1) is the system order [12]. Generally, a
higher order model is more accurate but more complex.
To derive the unknown model coefficients αi ’s and βi ’s
in Eq 9 and determine the system order n in Eq 9,
we apply the system identification (SYSID) method [11],
[12], which consists of the four steps shown in Figure 5
and described in the following.
Step 1. Choose the model scope (operating range):
For SYSID, we have observed how the database response
time changes for the decreasing inter-request time, which
is the time interval between two consecutive requests,
using the stock trade benchmark. 1200 client threads concurrently send data service requests to the database that
processes user data service requests, while periodically
updating 3000 stock prices as discussed before. Each
client sends a service request and waits for the response
from the database server. After receiving the transaction
or query processing result, it waits for an inter-request
time uniformly selected in a range before sending the
next data service request.
We have found that the service delay measured in
our database testbed shows a near linear pattern around
St = 2s when the inter-request time ranges between 0.5s
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and 3.5s. For the inter-request time longer than 3.5s, the
response time is under 0.01s. As the relation between
inter-request time and response time is near linear, we
can apply the well-established linear control theory [11].
For unbiased parameter estimation via SYSID, the interrequest time is randomly selected within the operating
range [0.5s, 3.5s]. Thus, the 1200 client threads submit
approximately 342 − 2, 400 requests per second to the
system.
Step 2. Collect system dynamics data: For SYSID, it
is important to collect and analyze a large amount of
data for system modeling. To collect a large number of
performance data, we run an experiment for 60 minutes
and measure backlog and service delay at every second.
By doing this, we moderate the stochastic nature of a
database. Specifically, for accurate SYSID of statistical
database dynamics, we use the square root values of the
performance data, similar to [28].
Step 3. Estimate model parameters: We apply the
recursive least square method [11], [12] to estimate
model parameters in Eq 9 by minimizing the sum of
the squared prediction errors. Specifically, the prediction
error in our model e(k) = s(k) − s′ (k), where s(k) is
the actual response time measured at the k th sampling
instant and s′ (k) is the expected response time computed
by Eq 9 using the estimated model parameters available
at the (k − 1)th sampling instant. The recursive least
square method iteratively estimates the model parameters at each sampling instantPto minimize the sum of
m
the squared estimation errors k=1 e(k)2 where m is the
number of the sample instances.
Step 4. Evaluate the accuracy of the model: To analyze
the accuracy of SYSID, we use the R2 metric [12]. In
this paper, R2 = 1− variance(service delay prediction
error)/variance(actual service delay). A control model
is acceptable if its R2 ≥ 0.8 [12]. We have derived the
1st , 2nd , 3rd , and 4th order models. To design a feedback
controller, we choose the 4th order model that shows
the highest R2 = 0.99 among the tested models. Specifically, the derived 4th order model captures the relation
between the database backlog and delay as follows:
s(k)

4.2

=
+

0.1015s(k − 1) + 0.2767s(k − 2)
0.4595s(k − 3) + 0.0354s(k − 4)

+
−

0.0135b(k − 1) + 0.0003b(k − 2)
0.0046b(k − 3) − 0.0074b(k − 4).

(10)

Feedback Controller Design

The relation between the database backlog and the
data service delay may change over time; therefore, the
backlog bound may need to be updated to support the
desired data service delay via feedback control. As the
first step to designing the feedback controller, we derive
the transfer function of the open-loop database by taking
the z-transform [12] of Eq 10. z-transform converts a
discrete time domain signal to the frequency domain
value that can be manipulated algebraically. In this

paper, the service delays s(k), ..., s(k − 3) and backlogs
b(k), ..., b(k−3) in Eq 10 are converted to S(z), ..., z −3 S(z)
and B(z), ..., z −3 B(z) in the frequency domain where z is
the delay parameter. After some algebraic manipulation,
we derive the following transfer function that shows the
relation between the data service delay and backlog:
τ (z)

=
=

S(z)
B(z)
0.0135z 3 + 0.0003z 2 − 0.0046z − 0.0074
4
z − 0.1015z 3 − 0.2767z 2 − 0.4595z − 0.0354
(11)

Given the system model expressed in Eq 11, we
can use a standard feedback controller, such as the
proportional-integral-derivative (PID) controller [11],
[12], to implement the backlog bound controller. In this
paper, we use a PI controller. A P controller cannot
remove the steady state error [11], [12]. An integral controller can be combined with a P controller to eliminate
the non-zero steady-state error [11], [12]. A derivative
controller could decrease the settling time by adjusting
the control input based on changes in control errors.
However, a derivative controller is sensitive to noise [11],
[12]. As database workloads are dynamic, we do not use
a D controller in this paper.
At the k th sampling instant, the PI controller computes
the control signal bδ (k), i.e., the database backlog adjustment needed to support St using the following PI control
law:
bδ (k) = bδ (k − 1) + KP [(KI + 1)err(k) − err(k − 1)] (12)
where the error err(k) = St − s(k) at the k th sampling
instant as shown in Figure 2. The z-transform of Eq 12
is:
∆B(z)
KP (KI + 1)[z − 1/(KI + 1)]
ψ(z) =
=
(13)
E(z)
z−1
where ∆B(z) and E(z) are the z-transform of bδ (k) and
err(k), respectively.
Given the open loop transfer function in Eq 11 and the
transfer function of the PI controller in Eq 13, the transfer
function of the feedback control system (excluding the
τ (z)ψ(z)
feedforward controller) in Figure 2 is: η(z) = 1+τ
(z)ψ(z)
[11], [12]. Using the closed loop transfer function, we
tune the controller via the Root Locus method in MATLAB [11], [12], in which one can graphically tune the
controller to support the desired average and transient
service delay specified in Table 1 and the stability of the
closed-loop system. It is required to locate the closed
loop poles, i.e., the roots of the denominator of η(z),
inside the unit circle to support the stability [11], [12].
Also, we locate the poles to support the desired average/transient performance specified in Table 1. The
selected PI controller coefficients are KP = 4.93 and
KI = 5.36. bδ (k) computed in the closed-loop system
is used to compute the backlog bound btotal (k) in Eq 1.
Due to our system modeling and controller tuning,
the feedback-based admission controller can support the
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desired delay bound. However, a feedback controller
may fail to support the desired performance, if the
workload, e.g., the arrival rate of data service requests,
largely deviates from the operating range used for SYSID
[11], [12]. To address the problem, in Chronos-2, our
feedforward controller helps the closed-loop system to
stay in the operating range by adjusting the backlog
bound in a proactive manner. Thus, the feedforward and
feedback approaches implemented in Chronos-2 benefit
each other as discussed before.

5

P ERFORMANCE E VALUATION

In this section, experimental settings are described. After
that, the performance of F3 B is compared to the performance of three baselines that represent the current state
of art. The objective of this section is to observe how
closely the tested approaches can support the desired
performance specified in Table 1.
5.1

Experimental Settings
TABLE 3
Tested Approaches
Approach
Open
FB
CLT+FB
F3 B

Feedback
×
◦
◦
◦

Feedforward
×
×
◦ (statistical)
◦

Baselines. In this paper, we compare the performance of
F3 B to the performance of an open-loop database system,
a feedback-only system, and a statistical feedforward
+ feedback system described next and summarized in
Table 3:
• Open is the basic Berkeley DB [16]. It accepts all
incoming requests with neither feedback nor feedforward control. For performance comparisons, all
the other tested approaches are implemented atop
Berkeley DB.
• FB is the feedback-based admission control scheme
discussed in Section 4. Hence, FB represents
feedback-only approaches for timely data services
including [1], [13]–[15].
• CLT+FB [23] integrates a statistical feedforward
approach based on the central limit theorem [29]
and feedback control method for predictive and
reactive adjustment of the database backlog bound
to support timely data services. To the best of our
knowledge, [23] is the only approach developed before F3 B to integrate predictive and feedback control
methods for real-time data services.
Workloads. For performance evaluation using the stock
trading benchmark, we use three identical desktop PCs.
Each of them has the dual core 1.6 GHz CPU and 1GB
memory. Every machine runs the 2.6.26 Linux kernel.
The database server, clients, and stock price generator
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TABLE 4
Tested Workloads

W1
W2
W3
W4
W5

Number of
Clients
1200
1500
1800
2100
2400

Number of requests per second
0s ∼ 300s → 301s ∼ 900s
[300, 342] → [2,400, 12,000] (5LH )
[375, 428] → [3,000, 15,000] (6.25LH )
[450, 514] → [3,600, 18,000] (7.5LH )
[525, 600] → [4,200, 21,000] (8.75LH )
[600, 685] → [4,800, 24,000] (10LH )

run on each of them and they are connected through a 1
Gbps Ethernet switch using the TCP protocol. For 60%
of time, each client issues a query about current stock
prices, because a large fraction of requests can be stock
quotes in online trades. For the remaining 40% of time, a
client uniformly requests a portfolio browsing, purchase,
or sale transaction at a time.
To evaluate the robustness and reliability of our approach in the presence of dynamic workloads, we use
five different workloads as shown in Table 4. The number of client threads is increased from 1200 to 2400 by
300 to generate workloads W1 − W5. For all the tested
workloads, the inter-request time, i.e., time between two
consecutive requests, is uniformly distributed in [3.5s,
4.0s] at the beginning of an experiment. At 300s, the
range of the inter-request time is suddenly reduced to
[0.1s, 0.5s] to model bursty workload surges. As a result,
the request arrival rate abruptly increases by 7 − 40
times at 300s. The reduced inter-request time range is
maintained until the end of an experiment at 900s.
Recall that the operating range used for SYSID in
Section 4.1 consists of 342 − 2400 requests/s. If we let
LH = 2400, W1 generates up to 5LH requests/s and
W5 creates up to 10LH requests/s as summarized in
Table 4. As these workloads largely exceed the model
scope (i.e., the operating range), a feedback controller
alone may or may not be able to support the desired
performance [11], [12], i.e., the SLA specified in Table 1.
From these experiments, we intend to observe whether
or not F3 B enhances the robustness of real-time data
services compared to the tested baselines even when the
workload largely exceeds the operating range.
For each workload, we run one experiment for 900s.
Each performance data is the average of 10 runs using
different random seeds. For the average performance
data presented in this paper, we derived the 90% confidence intervals plotted as vertical bars in the graphs.
5.2 Performance Results for Workload 1
Figure 6 shows the average service delay measured in
the interval [301s, 900s] of all the tested approaches for
W1. Before 301s, the average service delay is less than
1.2s for all the tested approaches due to the relatively
low workload. Thus, in this paper, we only present the
average delay measured between 301s and 900s for W1
− W5. (The transient delay is shown for the entire 900s.)
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make such a statistical assumption about workloads.

3.5

5.3 Average Delay and Timely Throughput for Increasing Workloads
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As shown in Figure 6, even for the lightest tested
workload, Open cannot support St = 2s. Further, the
transient delay of Open fluctuates between 3s and 4s.
This is because Open simply accepts all incoming requests regardless of the current system status. As a
result, the system is overloaded. In contrast, the average
service delays of the other approaches are not higher
than St = 2s.
By avoiding overload conditions, as shown in Figure 7,
FB, CLT+FB, and F3 B significantly increase the timely
throughput compared to Open. As shown in the figure,
Open processes 5, 003, 833 timely data in total, which is
only 62% and less than 50% of the timely throughput
of FB and F3 B. As Open fails to support the desired
data service delay even for the lightest workload and
processes a substantially smaller number of data in a
timely manner, we omit its performance results in the
remainder of this paper.
Notably, CLT+FB’s timely throughput [23] is lower
than FB’s. This is because it assumes that transactions/queries are independent random variables to apply the central limit theorem [29] for data service delay
prediction. Given concurrent transactions and queries,
their service delays may not be independent. As our
workloads involve more transactions and larger load
surges than the workloads of [23] do, the prediction
based on the central limit theorem becomes less accurate, resulting in performance degradation. F3 B does not

In Figure 8, the average service delay generally increases as the workload increases. As shown in the
figure, FB’s average service delay ranges in [1.7s, 2.04s].
The average delay of CLT+FB ranges in [1.9s, 2.09s].
F3 B reduces the average delay to the range of [1.02s,
1.19s] by applying proactive backlog management in
addition to feedback control. Although FB and CLT+FB
closely support the desired average delay as shown in
Figure 8, its transient service delay frequently violates
the St . Unlike FB and CLT+FB, F3 B hardly suffers delay
overshoots. (Transient data service delays are discussed
in detail in Section 5.4.) For these reasons, as shown in
Figure 9, F3 B significantly outperforms FB and CLT+FB
in terms of the timely throughput too. Specifically, F3 B
processes 27% − 92% more data in a timely manner than
FB does.
No. of Timely Data Accesses (x 100,000)

Response Time (sec)

3
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F3B
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20
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Fig. 9. Timely Throughput
The timely throughput of FB, CLT+FB, and F3 B increases as the workload increases up to W3. However,
as shown in Figure 9, the throughput of FB decreases
sharply as the workload increases beyond W3. As the

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING

12

load increases substantially exceeding the operating
range used for SYSID (Section 4), the effectiveness of
feedback control decreases. As a result, the system gets
overloaded and the delay increases. Accordingly, the
timely throughput of FB decreases. In contrast, the number of timely data accesses of CLT+FB and especially F3 B
generally increases as the workload increases, showing
the relative advantage of the predictive-adaptive approaches compared to FB, which is feedback only.
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Fig. 11. Transient Service Delay of CLT+FB
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Figures 10, 11, and 12 plot the transient delay of FB,
CLT+FB, and F3 B measured at every 1s sampling period.
Due to space limitations, we only show the transient
delays for W1 and W5. Also, Table 5 summarizes the
number of overshoots of FB, CLT+FB, and F3 B. As shown
in Table 5, Figure 10, and Figure 11, FB and CLT+FB
suffer many overshoots. However, from the table and
Figure 12, we observe that F3 B controls the delay to be
below St = 2s for more than 99.95% of the time. Also,
the magnitude of the overshoots are negligibly small as
shown in Figure 12.
Interestingly, CLT+FB shows a larger number of overshoots than FB does as summarized in Table 5, but the
magnitude of its overshoots is generally smaller than
that of FB as shown in Figures 10 and 11. Especially,
CLT+FB tends to show better performance than FB does

as the load increases, since CLT+FB adjusts the backlog
bound in a proactive fashion in addition to feedback
control of the bound. From Figures 10, 11, and 12, we
observe that an overshoot Sv ≤ 2.5s (specified in Table 1)
for most of the time in CLT+FB and F3 B. However, the
overshoots in FB considerably exceeds the 2.5s bound as
the workload increases. These results show the effectiveness of integrating predictive and reactive methods for
timely data services.
Overall, F3 B is substantially more robust than FB and
CLT+FB due to the synergy created between feedback
control and feedforward regulation, which is more accurate than the statistical prediction of CLT+FB [23].

6

R ELATED W ORK

A common approach for load shedding in DSMS is randomly dropping data tuples under overload according to
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a certain drop probability, which is normally computed
in proportion to the difference between the load and
system capacity [9], [30]–[32]. In RTDBs, applying admission control to user queries and transactions is more
effective for overload management, since computational
resources are reserved to meet the deadlines of periodic
temporal data updates [2], [3]. In our previous work
[1], we have implemented an RTDB admission control
scheme similar to the aforementioned load shedding
method in DSMS. The scheme adapts the rate of admitting transactions/queries in proportion to the difference
between the current and target delay without applying
control theoretic techniques. In the performance evaluation, we compared the performance of this approach
to a closed-loop approach for admission control based
on formal control theory [11], [12] (similar to FB in
Section 5). The latter substantially outperformed the
former in terms of the average/transient delay, because
it systematically adapts workloads in a closed-loop considering the time-varying load and system status by
applying well established control theoretic techniques
[1]. In this paper, we further enhance the performance in
terms of the delay and timely throughput for real-time
data services by integrating a proactive approach with a
reactive control-theoretic admission control scheme.
In general, DSMS and RTDB research may benefit from
each other. A novel method [10] provides highly accurate
estimates of the worst case delay for a given arrival
rate of stream data in an event processing system. This
delay estimation method and F3 B could be integrated to
support a desired delay bound in DSMS via delay estimation and systematic load shedding to compensate for
potential estimation errors. As relatively little work has
been done to support a timeliness guarantee in DSMS,
there are many remaining research issues to explore.
In addition, other load shedding methods, such as the
semantic load shedding algorithm [9], can be applied
to favor requests of more important clients in terms of
admission control to increase the total utility accrued in
an RTDB. A thorough investigation of these important
and challenging issues is beyond the scope of this paper
and reserved for future work.
Feedback control has been applied to manage the
performance of computing systems due to its robustness.
It has been employed for real-time scheduling [33], a
delay guarantee in a web server [34], differentiated web
caching [35], and RPC queue management in Lotus
Notes server [36]. However, they do not focus on realtime data service issues such as the timeliness of data
services and data freshness. Feedback control has also
been applied to support real-time data services [14],
[17]; however, their control models are not specific to
databases but similar to [33]. Also, these approaches
are not implemented in a real database system. Existing
approaches for real-time data services, including [1], [15],
[37], apply formal control-theoretic techniques [11], [12]
to develop feedback-only methods for real-time data
services and evaluate them in a real database system.

13

In [23], a feedback + feedforward approach for timely
data services is developed. However, it relies on the
assumption that the data service delays are independent
unlike F3 B.
Queuing-theoretic approaches have been applied to
predict the web server delay and integrated with feedback control for web server performance management
[38], [39]. However, queuing theory requires a priori
knowledge of the workload model, e.g., the Poisson
workload model, which may not be valid for bursty
workloads. Schroeder et al. [40] determine an appropriate number of concurrent transactions to execute in
a database by applying queuing and control-theoretic
techniques. However, a detailed design of the feedback
controller is not discussed. Hence, we cannot replicate
the approach for comparisons.

7

C ONCLUSIONS AND F UTURE W ORK

In this paper, we present a new predictive-reactive approach to supporting timely data services even in the
presence of dynamic workloads. A summary of our
contributions follows.
First, we develop a new method to adapt the database
backlog bound in a predictive fashion. Especially, we
consider the database backlog rather than the queue
length to support the desired delay threshold, while
considering concurrent transaction processing.
Second, we present a reactive control-theoretic scheme
to adjust the backlog bound, if necessary, to support the
desired timeliness of data services. In the integrated admission control framework, the predictive and reactive
approaches cooperate to enhance the robustness of realtime data services.
In addition, we have implemented the integrated
predictive-reactive scheme in a real database system and
undertaken an extensive performance study. Our system
significantly reduces the service delay, while enhancing
the timely throughput compared to the tested baselines.
Overall, our approach is lightweight in terms of the CPU
cycle and memory consumption.
Our work is different from most existing work on realtime data management in that it applies both a feedbackbased approach and a predictive method to enhance the
timeliness of data services. Also, it is implemented and
thoroughly evaluated in a real database system unlike
most RTDB work, which is not implemented and evaluated in a real database system. In the future, we will
continue to explore more effective predictive or reactive
approaches as well as workload adaptation techniques
for real-time data services.
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