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Abstract—Scaling web applications such as e-commerce in
cloud by adding or removing servers in the system is an important
practice to handle workload variations, with the goal of achieving
both high quality of service (QoS) and high resource efﬁciency.
Through extensive scaling experiments of an n-tier application
benchmark (RUBBoS), we have observed that scaling only hardware resources without appropriate adaptation of soft resource
allocations (e.g., thread or connection pool size) of each server
would cause signiﬁcant performance degradation of the overall
system by either under- or over-utilizing the bottleneck resource
in the system. We develop a dynamic concurrency management
(DCM) framework which integrates soft resource allocations
into the system scaling management. DCM introduces a model
which determines a near-optimal concurrency setting to each tier
of the system based on a combination of operational queuing
laws and online analysis of ﬁne-grained measurement data.
We implement DCM as a two-level actuator which scales both
hardware and soft resources in an n-tier system on the ﬂy without
interrupting the runtime system performance. Our experimental
results demonstrate that DCM can achieve signiﬁcantly more
stable performance and higher resource efﬁciency compared to
the state-of-the-art hardware-only scaling solutions (e.g., Amazon
EC2-AutoScale) under realistic bursty workload traces.

I. I NTRODUCTION
Scalability has become one major advantage of cloud data
centers where application owners can dynamically scale the
underlying computing resources on the ﬂy if necessary. First,
many web applications are provided using the n-tier architecture, in which each tier of the system can be easily extended
by adding or removing servers. Second, web applications
naturally have bursty workload, where the peak workload in
rush hours can be 10X higher than the overall average [1], [2];
over-provisioning only for peak workload can waste signiﬁcant
amount of computing resources and power. Therefore, scalability is extremely important for web applications to achieve
high resource efﬁciency.
Achieving high resource efﬁciency through cloud scalability
is a signiﬁcant challenge because web applications usually
have strict service level agreements (SLAs) such as bounded
response time. Given the burstiness nature of the workload for
web applications, intelligent matching of computing resources
with the dynamically changing workload to always meet
the SLAs is a non-trivial task. Various dynamic resource
scheduling methods [3], [4], [5], [6], [7] have been proposed
to scale the system by adding/removing servers along with the
real-time workload variation. These previous research efforts
mainly focus on when (e.g., through workload prediction)

and how (e.g., through virtual machine live migration) to
add/remove hardware resources, without seriously considering
software reconﬁguration after the system scaling. On the other
hand, previous research [8] shows that soft resources such
as server threads and database connections that control the
request processing concurrency in the system have a signiﬁcant
impact on n-tier application performance.
Consequently, we develop a dynamic concurrency management (DCM) framework which integrates soft resource allocations into the system scaling management. DCM introduces
a concurrency-aware model which is able to determine a nearoptimal concurrency setting of the servers in each tier based on
a combination of operational queuing laws and online analysis
of ﬁne-grained measurement data (e.g., throughput and request
processing concurrency) of each server in the system. We
implement DCM as a two-level actuator which scales both the
hardware and the soft resources in an n-tier web system on
the ﬂy without interrupting the runtime system performance.
The ﬁrst-level is to start new VMs or remove the idle ones
as the traditional hardware-only scaling strategies do. The
second-level is to support runtime adjustment of soft resource
allocations of the servers under control, based on the prediction
of the derived concurrency-aware model.
The rest of this paper is organized as follows. Section II illustrates the impact of thread allocations on the performance of
Tomcat and MySQL. Section III introduces our concurrencyaware model which predicts the optimal concurrency setting
in each tier of the system. Section IV presents the design
and implementation of the DCM framework. Section V shows
the evaluation results. Section VI discusses related work and
Section VII concludes the paper.
II. BACKGROUND AND M OTIVATION
A. Experiment Environment
We use the RUBBoS benchmark [9], a standard n-tier
benchmark simulating the popular news website Slashdot [10].
The RUBBoS benchmark application can be deployed as
three-tier illustrated in Fig. 1(c) or four-tier (with the load
balancer tier for databases). There are 24 servlets which
provide different interaction services. All the servlets can be
divided into two categories: CPU intensive browse-only or disk
I/O intensive workload. We use the CPU intensive browse-only
workload in this paper.
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Fig. 1: Experimental setup information

All the experiments are conducted in our private VMWare
ESXi cluster. Fig. 1 shows the experimental setup in our
experiments. We use a three-digit notation #W/#A/#D to
denote the number of Apache web, Tomcat application, and
MySQL servers launched in the experiment. For each hardware
conﬁguration #W/#A/#D, we use #WT /#AT /#AC to denote
three representative soft resources in the system: the thread
pool size in an Apache server, thread pool and database (DB)
connection pool size in a Tomcat server. These three types of
soft resources control the maximum concurrency of request
processing in Apache, Tomcat, and MySQL, respectively. We
note that the original RUBBoS implementation uses one DB
connection pool per servlet; we modiﬁed it to let all the
servlets share one global DB connection pool in order to
precisely control the number of concurrent requests ﬂowing
to the downstream MySQL. We also developed agent tools to
enable runtime scaling of the aforementioned soft resources.
We use three types of workload generators: Jmeter [11], the
original RUBBoS workload generator which simulates realistic
workload under a static number of concurrent users, and the
revised RUBBoS client emulator which simulates realistic
workload under a dynamically changing number of concurrent
users based on a workload trace ﬁle. The original RUBBoS
workload generator is used to test the system performance
under realistic static workload environment. In contrast, the
revised RUBBoS workload generator is to test the system
stability under realistic dynamic and bursty workload.

matching thread pool size in the corresponding server so
that the workload concurrency matches the request processing
concurrency in the server. Fig. 2(a) shows the case of the
MySQL server as we increase the request processing concurrency from 5 to 600. The interesting observation is that the
MySQL throughput reaches the peak as the request processing
concurrency increases to 40, and then decreases signiﬁcantly
as the request processing concurrency continues to increase.
The sensitivity of MySQL server performance on request
processing concurrency also explains the unexpected performance degradation of the 3-tier system after scaling out as
shown in Fig. 2(b). In this set of experiments, the system hardware conﬁguration is 1/1/1 at the beginning, with one Apache
web server, one Tomcat server, and one MySQL server.
The soft resource conﬁguration is the default 1000/100/80,
denoting 1000 threads in Apache, 100 threads and 80 database
connections in Tomcat. Under this conﬁguration, the maximum
concurrency level of request processing in MySQL is limited
by the Tomcat DB connection pool size (80). Since Tomcat
is the bottleneck tier in the 1/1/1 conﬁguration, we scale the
system to 1/2/1 by adding one more Tomcat with the default
soft resource allocation (i.e., 80 DB connection pool size) to
handle the increased workload, however, the maximum number of concurrent requests ﬂowing to MySQL unexpectedly
doubles (160) due to the newly added Tomcat server, leading
to the poor performance in MySQL as illustrated in Fig. 2(a).
To efﬁciently utilize the new added Tomcat server and improve
the overall system performance after scaling, we need to reallocate the database connection pool size in each Tomcat
server to 20 as that the maximum concurrency in MySQL
is limited to 40, with which MySQL is able to achieve better
throughput.
The above experimental results illustrate the importance
of soft resource allocations on the n-tier application scaling
management in cloud; only scaling hardware resources in an
n-tier system without appropriate soft resource adaptation can
lead to signiﬁcant performance degradation, even though more
hardware resources are added into the system.

B. Performance Degradation with Sub-Optimal Concurrency
Setting
An n-tier application such as e-commerce (e.g. Amazon.com) commonly process hundreds or even thousands of
HTTP requests from clients concurrently, and the concurrency
level of request processing in the system is mainly restricted
by soft resource allocations such as a server thread pool or a
database connection pool in each component server. In this
section we show concrete experimental results to illustrate
the impact of soft resource allocations on the performance of
typical MySQL server in an n-tier application as in Fig. 2(a). In
this experiment, we use Jmeter to generate workload (requests
extracted from the RUBBoS workload trace) with precisely
controlled concurrency to stress the MySQL (Fig. 2(a)) server.
For each level of workload concurrency, we allocate the

III. C ONCURRENCY- AWARE M ODEL FOR N -T IER
A PPLICATION P ERFORMANCE
In this section we explain a concurrency-aware model which
is able to predict the optimized soft resource allocation of
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Fig. 2: Impact of request processing concurrency on the performance of typical servers in an n-tier system. (a) shows that both too low
and too high request processing concurrency in MySQL can lead to poor performance, (b) illustrate the inﬂuence of scaling out Tomcat tier
inappropriately may lead to worse performance .

is only one server in each tier, we could easily ﬁgure out that
the bottleneck tier of the whole system is the tier that has
the longest service demand max (Vm ∗ Sm ). Suppose Tb is

each component server in the system under different hardware
conﬁgurations. The model has two enhancements compared to
the classic queuing model: ﬁrst, it captures the basic request
ﬂow processing characteristics in an n-tier application, for
example, an HTTP request may trigger multiple interactions
between component servers in the system; second, it considers
the non-trivial impact of multi-threading overhead on n-tier
application performance as we have shown in Section II-B.
Our goal is to maximize the whole system throughput through
optimized soft resource allocations in each tier, even if the
system scales to a different size.

1≤m≤n

the bottleneck tier, then the maximum system throughput is
achieved when Ub = 1, meaning the bottleneck tier resource
is 100% utilized. The maximum system throughput Xmax can
be expressed as follows:
1
(3)
V b ∗ Sb
In reality, there is Kb servers in the bottleneck tier, thus the
above equation can be transformed to
Xmax =

A. Concurrency-Aware Queue Model

γ ∗ Kb
(4)
V b ∗ Sb
where γ is the correction parameter to the linear increase
of servers in the bottleneck tier. As we know the system
performance will not double if we increase the bottleneck tier
resource from one server to two due to many other factors,
such as the load inbalancing problem among servers or the
sharing usage of downstream resources.
Given a ﬁxed system conﬁguration and stable workload
characteristics, Kb and Vb can be determined. So according
to Equation 4, Xmax can be predicted once Sb is determined.
However, it is non-trivial to trace the real service time of
an HTTP request in each tier, which may involve multiple
interactions with other components in the system. Especially
when we consider about the multi-threading situation, resource
contention may happen when multiple threads operate on
shared resources, which may change the original service time
in a single-threaded environment as it has been discussed
in many previous work [12], [13], [14]. So we use another
method to estimate the average service time of HTTP requests
in each tier.

Consider that an application with M tiers is denoted by
T1 ,...,TM . The number of servers in tier Tm is denoted as
Km , where 1 ≤ m ≤ M . For simplicity, we assume each tier
only has one server at the beginning, so the server resource
unit of each tier is 1. Let Um represent the server utilization
in tier Tm . According to the Utilization Law and Forced Flow
Law, we could get the following equation for each tier:
U m = X m ∗ Sm

and Xm = X ∗ Vm

Xmax =

(1)

In Equation 1, Sm represents the average request service
time at tier m, X means the throughput of whole system, Xm
is the throughput of Tm , Vm indicates the visit ratio from
upstream tier. Based on above equations, we could get the
system throughput:
X=

Um
V m ∗ Sm

(2)

The visit ratio Vm depends on the workload characteristics.
For example, a sample HTTP request to the Apache web
server triggers one AJP request to Tomcat, but two subsequent
queries to the backend MySQL. In this case, we get V2 = 1
and V3 = 2. Sm means the average service demand of each
sub request for tier Tm , thus Vm ∗ Sm means the overall
service demand of an HTTP request for Tm . Assume there

B. Service Time Model in Multi-Threading Environment
Assume Sb0 is the service time of a single-threaded server
in the bottleneck tier. When we consider about the impact
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 0
Sb −αb
The minimum Sb is achieved when when Nb =
βb .
Then we turn Min(Sb ) back to Equation 4, and we get:

incurred by multiple threading to the service time Sb0 , there are
two sources of latency deserving our attention. One is threads
contention, the other is crosstalk penalty, which is also called
consistency or coherency penalty.
Threads contention is determined by the multi-threading
implementation in the CPU architecture design. The most
common choice is called Simultaneous Multi-Threading
(SMT) [15], which is a variation of ﬁne-grained multithreading. The characteristics of ﬁne-grained multi-threading
is to switch between threads on each clock, causing the execution of instructions from multiple threads to be interleaved,
which is often done in a round-robin fashion. Based on this
observation, the delay caused by threads contention can be
modeled as linear increasing with the number of threads.
Crosstalk penalty is due to the consistency/coherency requirements in a multi-threading environment, which has been
discussed in Hennessy and Patterson’s work [15]. Whether
it is distributed or directory-based shared memory coherence
model, the worst case involves N*(N-1) invalid messages if
each thread wants to write a new value to a shared variable.
The penalty grows exponentially as the number of threads
increases. By combining the above two sources of delay, we
get the adjusted service time with Nb threads as follows:
Sb∗ = Sb0 + αb (Nb − 1) + βb Nb (Nb − 1)

M ax(Xmax ) =

γ ∗ Kb

0
Vb (2 (Sb − αb )βb + αb − βb )

(8)

In this model, we can ﬁnd the optimal operation point for
the whole system is to set the threads of each server in the
bottleneck tier as Nb , which depends on the parameters Sb0 ,
αb , and βb . We can determine these parameters via online
monitoring of the whole system, then regress based on the
measured system throughput and the thread allocation of each
server in the bottleneck tier. We note that Nb is the theoretical
optimal concurrency setting, the realistic conﬁguration of
“maxThreads” or “maxConnections” should be larger than this
theoretical value because not all threads will be in Active state
during the operation.
IV. DYNAMIC C ONCURRENCY M ANAGEMENT D ESIGN
AND I MPLEMENTATION
The DCM architecture is illustrated in Fig. 3. It contains
three components: Fine-Grained Resource Monitor, Optimization Controller, and Actuators.

(5)

•

The parameters αb , βb are related to various factors such as
workload characteristics and hardware speciﬁcation. We note
that when Nb = 1, Equation 5 reverses back to the singlethreaded scenario where Sb∗ = Sb0 .
Although multi-threading leads to longer delay for the
execution of each individual request due to threads contention
and crosstalk penalty, it takes full advantage of the pipelined
components in modern CPU architecture, which could help
fully utilize the CPU resource and increase system throughput.
As the notebook [15] illustrates, the Nb threads take turns to
use CPU cycles, and it takes Sb∗ time to ﬁnish each request. But
the total throughput during this period is Nb . Then the adjusted
average service time in a multi-threading environment is:

•

Sb∗
S 0 + αb (Nb − 1) + βb Nb (Nb − 1)
= b
(6)
Nb
Nb
Based on 4 and 6, we could get the relationship between
the system’s maximum throughput and the concurrency in the
bottleneck tier as follows:
γ ∗ Kb ∗ N b
(7)
Xmax = 0
Sb + αb (Nb − 1) + βb Nb (Nb − 1)
Sb =

C. Maximizing System Throughput From the Model
According to Equation 4, to maximize the whole system
throughput Xmax , we need to minimize Sb . So we transform
Equation 6 to the following:

•

Sb0 − αb
+ βb Nb + (αb − βb )
N
 b
≥ 2 (Sb0 − αb )βb + (αb − βb )

Sb =

4

Fine-Grained Resource Monitor: We install a monitoring agent in each VM to collect both the systemlevel metrics (e.g., CPU, disk I/O, Memory) and the
application-level metrics (e.g., average server throughput,
response time, active threads number (concurrency)).
Each monitoring agent continuously sends the collected
data back to a storage server (Kafka [16]) at every one
second. Then the controller will consume these data as
needed. Because the data producer and consumer may
operate in different rates, we use Kafka as an intermediate
storage server to coordinate the data production and consumption between the monitor agents and the controller.
Optimization Controller: The controller analyzes the
data from Kafka and makes adaptation decisions based on
the concurrency-aware model as we present in Section III.
Usually the controller needs to make two decisions at the
moment of burst workload. The ﬁrst decision is the VMlevel scaling: when to launch new VMs to support the
bottleneck tier, or turn off idle VMs to save cost. The
second decision is how to adapt soft resource allocations
after the VM-level scaling is done. In our current implementation, we adopt the resource-usage driven controller
in the VM-level scaling, which means Actuators will be
called when the resource usage of some tier exceeds a
predeﬁned threshold (e.g., 80%).
Actuators: There are two actuators in this component.
One is VM-agent, which is responsible for starting new
VMs or removing the idle ones. The other is APPagent, which is used to do ﬁne-grained adaptation of soft
resource allocations. Usually the VM-agent will be called
ﬁrst, followed by the APP-agent.

TABLE I: model training parameters and prediction result
Sb0
αb
βb
γ
R2
Nb
Xmax

Tomcat Model
2.84e-02
9.87e-03
4.54e-05
11.03
0.96
20
946

MySQL Model
7.19e-03
5.04e-03
1.65e-06
4.45
0.97
36
865

effectiveness of DCM in system scaling management under the
“large variation” workload scenario. Concretely, we compare
the performance of a 3-tier web application under two system
scaling management strategies: one is with DCM and the other
is with the traditional hardware-only scaling strategy (e.g.,
“EC2-AutoScale”) which has been widely used by academic
researchers [3], [18] and industry practitioners [19]. We will
see that the system with DCM is able to achieve much more
stable performance than that with the hardware-only scaling
strategy.

Fig. 3: The DCM Architecture

A. VM-Agent for VM-level Scaling
VM-agent is for the VM-level scaling. In a cloud computing
environment, starting or turning off VMs is easy by just
remotely calling the corresponding APIs of the underlying
hypervisor. One factor that makes the scaling complicated
is the component servers that run inside VMs. For example,
adding VMs that run stateless components such as web servers
or application servers is relatively easy because they can
join the existing system and start processing new requests
seamlessly. However, adding VMs that run stateful servers is
more complicated because of the data/state consistency issues.
In our implementation, we set the preparation period as 15
seconds for a VM to be in the service mode after VM-agent
decides to start the VM.
Another challenging is how to rebalance the load to the
tiers after scaling. There usually is a load balancer in front
of the tier that are able to scale. In our experiments we adopt
HAproxy [17] as a load balancer for the application server tier
and the database server tier.

A. Model Training and Validation
In the training phase of experiments, we use Jmeter to
generate workload with different concurrencies to train the
model. Because we set the think time between consecutive
HTTP requests from the same thread to be zero, the workload
concurrency for the target system can be controlled by the
number of concurrent users speciﬁed in Jmeter. Then in
the validation phase of experiments, we change back to the
original RUBBoS workload, which is more close to realistic
production workloads. We validate whether the optimal soft
resource allocation predicted by the model is able to achieve
the maximum system throughput.
Model training for Tomcat: The purpose of the model is
to characterize the relationship between the system throughput
and the concurrency of request processing in Tomcat. To
achieve this goal, we need to design an experiment which
makes Tomcat the bottleneck tier of the system, so we choose
the 1/1/1 hardware conﬁguration. The soft resource allocation is the default 1000-100-80. We use Jmeter to generate
workload with concurrency from 1 to 200. The <concurrency,
throughput> pairs are the input to train the model as shown
in Equation 7. We use the Least-Square Fitting method to
estimate the parameters in Equation 7 and we get the values of
the parameters as presented in Table I. The “knee” point for the
maximum throughput is achieved when the request processing
concurrency Nb = 20. Also the statistical R-Squared value is
0.96 based on our extra measurement data, which indicates that
the model has a high accuracy of predicting system throughput
under different Tomcat concurrencies.
In order to validate the generality of the model, we have
conducted experiments with the original RUBBoS clients
which simulate the realistic workload scenario with averagely
3-second “think” time between consecutive requests from
the same user. Fig. 4(a) shows the experimental results. We
have chosen ﬁve representative soft resource allocations which

B. APP-Agent for Soft Resource Re-Allocation
APP-agent is to control the concurrency of request processing in each component server through readjusting the soft
resource allocations in the system after the VM-level scaling
is done. There are two ways to change a server’s concurrency
of request processing, one is adjusting the server’s thread pool
(STP) size and the other is controlling the connection pool size
of the corresponding upstream tier. In our implementation we
adopt the ﬁrst way (i.e., adjusting the STP size) to control
the concurrency of request processing in Tomcat because the
application server tier may serve HTTP requests from clients
directly (or through HAproxy), the concurrency of which is out
of our control. On the other hand, we adopt the second way to
control the concurrency of request processing in MySQL since
we are able to adjust the DB connection pool (DBConnP) size
in Tomcat, which is the upstream tier of MySQL.
V. E XPERIMENTAL E VALUATION
In this section we run experiments to train and validate
the concurrency-ware model for the optimal soft resource
allocation for both Tomcat and MySQL. Then we apply the
model into our DCM framework (see Section IV) and test the
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Fig. 4: Model validation under the 1/1/1 and the 1/2/1 conﬁguration. (a) and (b) show that the optimal soft resource allocation (20 for Tomcat
and 36 for MySQL) predicted by our concurrency-aware model indeed outperforms other allocations, including the default one. We note
that the 1000/100/18 case achieves the best in the 1/2/1 conﬁguration because there are two Tomcat servers.

includes the optimal solution 1000/20/80 predicted by the
model. We can see that the system throughput in the “optimal” conﬁguration case indeed outperforms the other cases.
Specially, the throughput of the “optimal” conﬁguration case
achieves 30% more throughput than the default conﬁguration
case (100 Tomcat threads).
Model training for MySQL: We choose the 1/2/1 hardware
conﬁguration to train the model for MySQL because MySQL
is the bottleneck tier of the system under this conﬁguration.
We repeat the same process of model training for MySQL as
we have done for Tomcat. Table I also shows the estimated
values of the parameters of the MySQL model with the
R-Squared value 0.97. The maximum system throughput is
achieved when Nm = 36. We also validate the generality of
the model using the original RUBBoS clients which simulate
the realistic workload scenario. Fig. 4(b) shows that the
throughput of the system with the optimal conﬁguration (1000100-18) suggested by the model (each Tomcat share half of
the optimal connection pool size) indeed outperforms the other
four representative cases, including the default conﬁguration
case (80 database connections).

the concerned resource utilization of a tier is higher than an
upper bound threshold (e.g., 80%) during one control period,
the controller triggers the event of turning on a VM, which
will spend another 15-second preparation period before joining
the system and start servicing requests. On the other hand, we
turn off one VM in a tier only if the utilization of all the
concerned resources in the tier is lower than a lower bound
threshold (e.g., 40%) in three consecutive control periods.
In this experiment, we use the revised RUBBoS client
emulator as we present in Section II-A to genearte realistic
bursty workload. The burstiness of workload is controllable
and reproducible in our experiments based on the workload
trace ﬁle. The “Large Variation” workload trace is chosen from
the AutoScale paper [3], which is categorized and published
by Gandhi et al.. We start the system with 1/1/1 conﬁguration
and soft resource allocation with 1000-200-40, which means
database connection pool are conﬁgured as the optimal value
at the beginning. Then we get the performance results of
“DCM” and “EC2-AutoScale” under the burstiness workload
as presented in Fig. 5.
Taking the ﬁrst period 50s∼90s as an example, we found
a large response time spike (over 1 second) and throughput
drop in the EC2-AutoScale case as shown in Fig. 5(b).
Meanwhile, the Tomcat tier scales from one server to two
at 67s due to the increased workload and the CPU utilization
exceeds the trigger line (see Fig. 5(d)). 1 However, the system
performance get even worse after the second Tomcat instance
adds in. The reason can be found in Fig. 5(f). Once the
second Tomcat is added to the system, the bottleneck tier
shifts to MySQL. At the same time, the maximum concurrent
requests ﬂowing to MySQL also increase from the original
80 (the default DB connection pool size in Tomcat) to 160
due to the new added Tomcat. High concurrency in MySQL
leads to low efﬁciency of MySQL, and eventually the overall
system performance degradation. The second performance

B. Evaluation of DCM with Concurrency-Aware Models
In this section we show the effectiveness of our DCM framework in stabilizing the system performance during system
scaling in the face of realistic bursty workloads. We have
implemented two system scaling controllers. One is with DCM
and the other is called EC2-AutoScale [19] which follows the
EC2 Autoscaling strategy provided by Amazon AWS service.
EC2-AutoScale enables customers to set the threshold value
(usually the CPU utilization) to dynamically add or remove
VMs to an Auto Scaling group. The control policy relies
on Amazon CloudWatch to send alarms and trigger scaling
activities. For both controllers we set the control period to be
15-second, which is similar as in other state-of-the-art control
policies [20]. We also adopt the “quick start but slow turn off”
scaling policy learned from the AutoScale work [3] to avoid
performance instability under bursty workload. Concretely, if

1 The system performance deteriorates before the scaling activity is because
of the 15-second control period, causing the delay of the scale-out activity.
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(d) In the EC2-AutoScale case, the scaling-out activities of
Tomcat at 80s and 220s coincide with the large response time
spikes and throughput drops as shown in (b).
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system performance signiﬁcantly as shown in (a).
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(b) Large response time variation under the same bursty workload trace as in (a). There is also throughput drop during each
of the three response time spikes at 70s, 250s, and 550s.
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interrupt system performance signiﬁcantly as shown in (a).
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time spikes and throughput drops as shown in (b).

Fig. 5: Performance comparison between DCM and EC2-AutoScale under the same “Large Variation” workload. (a)(c)(e) are for DCM and
(b)(d)(f) are for EC2-AutoScale. The system starts at the same initial conﬁguration (1/1/1 with the default soft resource allocations), however,
the DCM case achieves much more stable performance than the EC2-AutoScale case by comparing (a) and (b).

VI. R ELATED W ORK

deterioration period 227s∼259s has the same reason as the
ﬁrst one when the third Tomcat and third MySQL are added
to the system subsequently to handle the increased workload.
The third period 530s∼560s is different from the previous two.
The MySQL tier changes from two instances to one at 528s
because of continuous low workload. Suddenly high volume of
workload ﬂoods into MySQL during the next control period, so
the only MySQL instance encounters high concurrency (160),
causing low QPS of MySQL.
In contrast, the DCM case only has moderate performance
variation during the three periods mentioned above. This is
because DCM dynamically adjusts the concurrency of both
Tomcat and MySQL to the “optimal” level, thus both of
them perform at the maximum speed during the temporarily
overloaded periods, leading to more stable performance of the
system when compared to the EC2-AutoScale case.

Most previous research efforts on dynamic capacity management in cloud environments [3], [21] share the same
goal: providing a satisfactory quality of service (QoS) while
minimizing the cost, which could be energy consumption,
ﬁnancial cost, or both. Their approaches can be divided into
two categories: feedback control based reactive approaches
and predictive approaches. Reactive approaches [3] use different feedback signals such as the current system response
time, CPU utilization, or processing queue length to decide
when to scale out/in the system. In the scale out scenario,
the performance damage already occurs before the newly
added hardware resources taking effect since the setup time is
unavoidable and sometimes very long (e.g., tens of seconds to
minutes [21]). Predictive approaches [22] could avoid the long
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setup time and achieve good performance when the workload
has intrinsic patterns. However, the real-world trafﬁc for n-tier
applications are naturally bursty and may vary signiﬁcantly
even within a short time [23], it is clearly challenging to
predict whether new instances are required or not in advance
of setup time. Our work complements both approaches.
Software reconﬁguration for performance optimization has
also been studied extensively before. For example, Maji et
al.[24] explored how to reconﬁgure application parameters
such as MaxClients and KeepaliveTimeout in Apache web
server to achieve the optimal performance in cloud. Their
focus is to mitigate the impact of interference from the cohosted VMs. Zheng et al. [25] conduct research on automating
the generation of conﬁguration ﬁles for Internet services such
as n-tier applications. Their objective is to eliminate various
misconﬁguration due to manual operations, which is different
from our objective of performance optimization through online adaptation of soft resource allocations.
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VII. C ONCLUSION
In this paper we demonstrate the importance of soft resource allocations (e.g., server threads pool size or connection pool size) on n-tier application scaling management in
cloud. Through extensive experiments of an n-tier application
benchmark (RUBBoS), we observe that scaling only hardware
resources without appropriate adaptation of soft resource allocation of each server can cause signiﬁcant degradation of
the overall system performance. We introduce a concurrencyaware model which is able to determine a near-optimal concurrency setting to each tier based on a combination of operational
queuing laws and online analysis of ﬁne-grained measurement
data. We design a dynamic concurrency management framework DCM which integrates the concurrency-aware model into
n-tier system scaling management. Our experiments using the
real-world bursty workload demonstrate that DCM can achieve
signiﬁcantly more stable performance compared to hardwareonly scaling solutions.
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