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Abstract

Server farms constitute the heart of any e-commerce site. This paper evaluates the
performance of server farm systems for handling real-time transactions. The
paper uses a simulated environment to implement server farms and tests the
performance for various design policies and parameters. These design choices
include scheduling policy, priority allocation, priority handling, number of
machines in server farm, network delays and transaction mix. Results indicate
that the prudent policies that schedule all transactions perform very well for low
load conditions but fare badly for high load conditions. Smulation also found
that some network latency actually improves system performance when the
variance in task arrival ratesis high. This paper demonstrates that performance
of server farm system is contingent on the design choices made during the

implementation of the system.



1 BACKGROUND

This paper evaluates the performance of server farm system for handling real-time
transactions using a simulation environment. Server farms are computers that are connected
together with various networking schemes to evaluate the system to handle large volumes of
transactions. Server farms intend to improve the performance of a system by distributing the
traffic on network across multiple servers. Load balancer is used for prioritizing and scheduling
transactions to individua servers.

E-commerce transactions executed by server farms are critically dependent upon time to
execute. Tasksinvolved in these transactions have to be completed within a stipulated time
period. Once the specified deadline elapses, these transactions may lose their values or may
even negatively impact the system. These tasks are oftenreferred to as transactions with real-
time constraints or real-time transactions for short. For instance, consider an online stock
trading system where a trader may demand a trade to be executed within a specified time period
or may want the system to execute the trade if the price falls within a certain price window.
Trades can also be executed if the trader (or system acting on the instructions of the trader)
observes a price differential between two different markets. Window of opportunity during
which the price differentia existsis small and lasts for a short period of time. Trading operation
isuseful only if it is executed in this time frame and loses its value once the specified prices
cease to exist.

Any system that is responsible for handling the real- time transactions must be capable of
handling the real-time requirement imposed by these transactions. For example, one of the
design objectives of these e-commerce applications is to maximize the number of transactions

serviced within the stipulated time period, but limit the number of transactions serviced that have



already missed their deadlines. It has to be noted that objective of these real-time transaction
processing systems is starkly different from the objective of traditional transaction processing
systems (TPS). While the conventional TPS focus just on maximizing the average throughput
for a set of transactions, the real-time transaction processing systems also have the objective to
minimize the number of tardy transactions'. This difference can beillustrated using a smple
example: Assume two design policies to execute transactions, policy A and policy B. Policy A
has an average throughput of 0.6 transactions per unit time and average number of tardy
transactions as 15% of all the transactions. Policy set B executes only 0.5 transactions per time
period but has only 5% tardy transactions. Conventional transaction processing system would
choose policy A and thereby maximize the throughput of the system. By contrast, a real-time
transaction processing system would prefer policy B, despite its low throughput, in order to
reduce the number of tardy transactions.

Conventional TPS operate with the assumption that all the transactions need to be
executed and thereby are required to be committed at some point of time. However, this
assumption does not hold true for real-time systems, as some of the transactions have to be
deliberately aborted if they fail to meet their required deadlines. A critical operational
requirement from these systemsis that they detect and abort tardy transactions before they
consume excessive computational resources. Failure to detect the tardy transaction in time
would result in deterioration of the performance of the system. This might also result in
snowball effect. Large number of tardy transactions in the system will consume system
resources preventing the system to allocate resources to service other transactions before their

deadlines, in turn, making these transactions tardy too.

! Tardy transactions are the transaction that were not executed before their specified deadline



It might also be dangerous to consider that eliminating al the tardy transaction is a best
design policy for areal-time transaction processing system. If the load on the system is low,
system might end up using expensive resources just to identify the tardy transactions and
eliminate them. In low load conditions, it might be beneficial just to schedule all transactions
without worrying about eliminating tardy transactions because systems has enough resources
available.

The performance of any real-time system depends upon the design of the control
parameters. The design policies and parameters governing a server farm’s performance include
system load, the transaction scheduling policy, the priority assignments to the transactions, the
number of servers or nodes in the farm system, and communication or network delays between
the servers. The paper analyzes the impact of these design policies on the performance of server
farms. The paper uses a genera-purpose simulation system, SImDS [7], a simulation
environment for design of distributed systems. This environment provides a mechanism to
analyze the policies before they can be implemented in real environment. This research will
provide us clues to design of better real time applications.

The rest of the paper is organized as follows:. section 2 describes the past research on
modeling and evaluation of real-time systems, section 3 introduces design policies and
parameters that influence the performance of server farms, section 4 describes the simulation
model, section 5 presents the finding of the research, section 6 gives the conclusions, and section

7 presents the implications of the research.

2 LITERATURE

A significant body of research in the distributed systems focuses on real time

transactions. However, there is alack in the research focusing on the use and design of server



farm systems for supporting real-time transactions. Existing distributed system research
primarily focuses on developing analytical models of the systems [6, 12, 16, 19, 20, 24, 26].
Other researchers have focused on analyzing different mechanism for operation of rea-time
systems under different environmental conditions [8, 12, 21, 22, 23]. They use these models to
analyze the performance of distributed systems. These researchers also proposed certain design
policies that control the performance of the systems. We have utilized some of these design
policies in our simulation. Some researchers have performed simulations to analyze the
performance of real-time systems for specific design parameters[1, 2, 3, 4]. However, none of
the simulation-based studies have attempted to simulate the utilization of server farm systems for
real-time transactions.

Existing server farm literature focuses primarily on analyzing the performance of server
farm systems for web hosting services [31]. Researchers also have focused on developing load-
balancing strategies for these server farm systems [9, 32]. Load balancing software is the heart
of any server farm. Load balancer tracks the demand for processing power from different
machines, prioritizes the tasks, and schedules and reschedul es tasks to individual machines.
Severa vendors are involved in development of commercia server farm systems. These include

Blackstone Technology Group, Compag and Sun Microsystems.

3 DESIGN POLICIES

As mentioned in the earlier section, the performance of a server farm depends on several
policy parameters specified during the design of the system. In this section, we present few of
the design policies that can potentially impact the performance of server farms. In the later

sections, we analyze the performance of server farms for a subset of these policies.



The first set of policies, implemented by aload balancer, governs the scheduling of the
transactions to machines in a server farm. Load balancer tracks demands for processing power
from different machines, prioritizes the tasks and schedules or reschedules them. Different
transactions have different value associated with completion of the transaction or have different
opportunity costs for missing the deadlines. Some system critical transaction might require
execution at al costs. Other transactions might be aborted easily without much loss to the value
of the system as awhole. Two mechanisms are involved in scheduling of transactions. First
mechanism assigns priorities to incoming transactions [8, 13, 25, 27]. Second mechanism
defines how the load balancer is going to schedule transactions with different priorities.

Priority Value Allocation: Three different options for priority alocation can be

utilized to assign priorities to transactions

o0 FIFO Palicy: The policy assigns the priorities based on the first come first serve
basisi.e. the first transaction arriving at the system receives the highest priority

while the last transaction arriving at the system receives the lowest priority.

o Deadline Policy: This policy assigns priorities based on transaction deadlines by

assigning higher priority to transactions with earlier deadlines.

o Sack Palicy: Thispolicy assigns priorities based on the slack time for the
transactions. The dack timerefers to the time differential between the
transaction deadline and the estimated processing time for the transaction.

Transaction with the least slack time is assigned the highest priority

Scheduling Policies: Once a priority has been assigned to a transaction, the load
balancer needs to allocate the processor time for the transaction [6, 14]. If any of the

machines in the server farms is idle than the transaction is scheduled immediately to



theidle server. If none of the machines are available and al of them are servicing
higher priority transactions then the arriving transaction has to wait for the arriving
transaction to complete before it can be scheduled. In this case, the transaction is just
placed in the queue. Buit if the arriving transaction has a higher priority than al the
transaction being serviced at that moment, the scheduler implements one of the
following policies to resolve the contention of the arriving transaction to use the

system.

0 Non-preemptive Policy: Inthis policy, all the current transaction are allowed to
complete before any new transaction is scheduled. Once, any of the machine
becomes idle, the first transaction with the highest priority in the queue is

scheduled.

0 Preemptive Policy: Under this policy, as soon as a high priority transaction
arrives, the transaction with the lowest priority is aborted immediately. The
arriving transaction is scheduled immediately to the server that was servicing the
aborted transaction. The current transaction maintains its existing priority value
implying that if another high priority transaction arrives before any machine
becomes available the arriving transaction will be scheduled ahead of the

aborted transaction.

o Promoting Preemptive Policy: This policy is similar to the preemptive policy.
However, in this case the aborted transaction assumes the priority of the new
transaction. This ensures that the transaction receives a fair chance of getting
executed and does not have to spent most of its time getting in and out of the

queue.



o Conditional Non-preemptive Policy: This policy allows the current transaction
to complete if the system estimates that the arriving high priority transaction can
afford to wait for one of the current transactions to be completed. The system
computes the slack time of the arriving transaction, and if thisslack timeis
greater than the estimated processing time for any of the current transactions, it

alows all the current transactions to execute.

Another design issue that aload balancer must consider while scheduling the transactions
isthe handling of the ‘overloading transactions' [1, 2, 14]. The overloading transactions are
defined as transactions that are unlikely to be completed before their deadlines. Three strategies
to manage the overloading transactions are presented here:

Schedule All Policy: This policy completely ignores the overload issue and schedules

all transactions irrespective of their likelihood of completion.

Tardy Policy: Tardy policy focuses on aborting all transactions whose deadlines have
elapsed. Policy ensuresthat all tardy transactions are removed from the queue at the
earliest opportunity. This policy is not concerned with transactions that are estimated
to miss their deadlines but is only concerned with transactions that have already missed

their deadlines.

Feasible Policy: This policy aborts all transactions that are unlikely to be completed
before their respective deadlines. Load balancer achieves this by computing the
estimated slack times for all transactions and aborting the transactions that have
negative slack times. Practical implementation of this policy actually involves some
overhead costs in computing the slack times for all transactions. However, our

simulation does not model these overheads.



Each server in a server farm must have access to the appropriate data to execute the
transactions. When several machines serve the same content, following policies for data
fragmentation and replication can be implemented [12, 15, 19]:

No Replication Policy (Shared Storage): This policy assumes that only one copy of
data exists throughout the server farm. This policy gains relevance if application
requires frequent data updates, network is relatively failure safe, and network delays

are minimal.

Full Replication Palicy (Replicated Sorage): In this policy, the system replicates and
stores dl the data at each machine. This policy is viable where the response time is

critical, the network is somewhat unreliable, and network delays are significant.

Partial Replication Policy (Hybrid Solution): This policy implementation involves a
mix of no-replication and full-replication policies. Different number of replicas for
different data sets may be kept at several sites. Determination of the number of copies
for a particular data set depends on the frequency of access needed to the data set at

each site, network delays and response time required by the system.

Simultaneous access to data source gives rise to issues related to consistency and
seriaizability of transactions [5, 12, 20]. Two widely accepted concurrency control policies that
could be implemented in server farms are:

Locking Based Policy: Under this policy, each transaction requests and obtains access
rights (called locks) prior to accessing data source. If the transaction is requesting to
modify the data in some form, the locks are provided on exclusive basis. But if the

transaction is interested just in reading the data, the locks can be shared by severa
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transactions at the same time. The locks owned by a transaction are released once the

transaction is completed.

Optimistic Policy: Under this policy, the transactions are permitted to execute without
any kind of locking mechanism. However, once the transaction is complete and is
ready to commit, the system ensures that the transaction does not conflict with any of
the uncommitted transactions present in the system. |f no conflict is present then the
transaction is committed otherwise some of the conflicting transactions are aborted to

ensure serializability.

A locking conflict may arise when a server or transaction tries to obtain alock to a
transaction that is already locked. Database systems use different resolution policies to tackle
such situations [11, 18]. Two popularly implemented conflict resolution policies are:

Blocking Policy: Blocking policy suspends the requesting transaction for duration that

isequal to completion time for an average transaction.

Restart Policy: Restart policy terminates the transaction and informs the originating

site. Originating site than proceeds to resubmit the lock request.

4 SIMULATION MODEL

This paper simulates a server farm configuration as shown in Figure 1. Each ssimulated
server farm configuration is assumed to consist of several machines (or servers or nodes). Each
machine is assumed to have both computing and data storage capabilities. For the purpose of
the simulation, we assume that all the servers are fail safei.e. they are always up and running.
We do not address the issue of load balancing in case of node failures. Handling redistribution

of load in case of failures is left to be addressed in the future research.
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Figure 1: Server Farm Architecture

Simulation assumes relational database model for data storage. Dataislogically arranged
as tables, and tables may or may not be replicated on different serversin the server farm
depending on the data distribution and replication policies. For the purpose of simulation, the
granularity of data replication is assumed to be one table [10]. Each table, however, has a
designated primary site that is kept fixed for the period of the smulation. This primary siteis
responsible for performing all seriaizability and concur rency tests on the data contained in the
table. Inthe case of centralized concurrency control, our simulation assumes that site 1 is always
the locking site.

Load balancer distributes the incoming transactions to individual machines based on the
scheduling policy used. Each transaction has its associated releases time and a deadline before
which the transaction needs to be executed. The simulation assumes deadlines to be known a
priori. The simulation also assumes that each transaction has access privileges to all data sets
maintained at all servers. The issue of data access and security are not being considered in this
simulation [17, 28]. It isalso assumed that each server has the ability to determine the entire
read and write requirements for the arriving transaction and distributes the sub-transactions to the

necessary nodes. This server is aso responsible for sending lock requests to the site maintaining



the locks for these sub-transactions. All sub-transactions have to wait for the receipt of the locks
before being scheduled for execution.

Once the sub-transactions have been executed, all the results are returned to originating
machine for computations. This machine computes the final results and initiates the commit
process. The transaction is said to be complete once the results have been computed but before
the commit processisinitiated. This assumption is valid because we assume that all servers and
networks are operational at all times.

If one of the sites executing the sub-transactions decides to abort a transaction, it has to
inform the originating site, which then initiates and coordinates the abort process between all
stes. Each aborted transaction has to release all locks that it had acquired. Thereby, the cost of
rolling back a transaction is same as the cost of acquiring the locks.

To maintain the integrity of the process, ‘atomicity of broadcasts' has to be preserved,
i.e., the system must ensure that all transactions are received in the correct order. Thisis
implemented by maintaining a separate logical network queue for each pair of sites. Each new
message in thislogical queue is assigned a random delay greater than the delays associated with
transactions aready in the queue.

We have used two parameters to measure the performance of the system under various
policy combinations. These parameters are

Number of OK transactions: Number of OK transactions are all the transactions that

have been completed before their respective deadlinesexpired.

Throughput: Throughput is defined as total number of transactions serviced per unit of

simulation time. (Throughput is presented in 1000’s in the results)
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Experiment design consisted of 20 different sets of experiments with different seeds. In
each experiment, the systems monitors 600 incoming transactions out of which first 200 are
ignored to enable the system to attain a steady state. The ssimulation clock is reset after 200

transactions are compl eted.

5 RESULTSAND DISCUSSI ON

The performance of a server farm is governed by several independent design policies
described in earlier section. However, evaluating system performance for all possible
combinations of the design parameters requires an exponential amount of time. Thereby, for this
simulation we adopted a realistic strategy to examine the system performance for a priori
selected combinations of design parameters. We also tried to understand the impact of
individual design choices and attempted to discern the underlying reasons for the observed

behaviors.

5.1 Analysisof Overloading Transaction Scheduling Policy on the Performance of a
Server Farm System

The system load is implemented as the arrival rate of transactions at each node. Figure 2
& Figure 3 indicate the impact of system load on the performance of atwo machine server farm
system under disparate overloading transaction handling policies implemented by the load
balancer.

The results indicate that the system performance is stable when the load balancer follows
‘Feasible’ or ‘No Tardy’ scheduling policies. However, when ‘ Schedule All’ policy is followed
system performance deteriorates considerably for high loads. Throughput of system exhibits a
‘bell shaped curve' for *Schedule All’ policy. Thisindicates that system has an optimal arrival

rate for which system achieves a maximum throughput. The arrival rate governs the system
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performance before this optimal and the service times govern the system performance after the
optimal. The number of OK transactions decrease for all the policies with increase in system
load but number of OK transactions reduce drastically after the optimal arrival rate in the case of

‘Schedule All’ policy.
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Figure 2: System throughput for two machine server farm under disparate overloading

transaction handling policies
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Figure 3: Number of OK transactions serviced by two machine server farm under disparate

overloading transaction handling policies

The system performance does not deteriorate with arrival rate for ‘No Tardy’ and
‘Feasible’ policies due to the fact that both of these policies focus on eliminating the tardy or
potential tardy transactions, thereby, reducing the number of transactions waiting to be serviced
at any point of time. The number of transactions in the queue does not explode with increase in
arrival rate and system does not reach critical state. As Figure 3 indicates, only few transactions
miss their deadlines under these policies. By comparison, in ‘ Schedule All’ policy the queue

sizes keep on increasing due to excessive waiting time of the transactions. Figure 4 shows the
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average queue lengths in the CPU for each node under ‘ Schedule All’ policy. Average queue
lengths increase sharply toward the upper end of the arrival rate spectrum. Increase in queue
length causes the increase in waiting time for arriving transactions causing some of these
transactions to miss their deadlines, thereby; number of OK transactions serviced decreases
rapidly.

Figure 4 also indicates that queue lengths at the locking site are greater than the queues at
the other site and rise more steeply with the increase in the system load. Therefore, the CPU
availability at the locking site is one of the bottlenecks in distributed transaction processing

systems.
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Figure 4: Average queue lengthsin CPU for ‘ Schedule All’ Policy

Figure 5 & Figure 6 show the impact of scheduling policies on the system performance
for asingle server system. The impact of scheduling policies on the performance is much more

clear for such a system than with more complex systems.
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Figure 5: Systemthroughput for one node system under different scheduling policies
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For lightly loaded systems (very few arrivals per second), the * Schedule All’ policy
performs better than the other two policies. But when the system load increases, ‘ Feasible’ and
‘No Tardy’ policies outperform ‘ Schedule All’ policy. Another interesting observation is that
‘Feasible’ policy always performs better than ‘No Tardy’ policy. As pointed out earlier, the
deterioration in the performance of ‘ Schedule All" policy is related to the waiting time of
transactions in process queues at all nodes. The distinction between the other two policiesis

more subtle. ‘Feasible’ policy aborts more transaction than *‘No Tardy’ policy.

—a— Al
200 1+ —a__Feasible
—4—NoTardy

Number of OK Transactions

Arrival | Rate

Figure 6: Number of OK transactions for a one node system under different scheduling

policies

Figure 7 & Figure 8 analyze the system performance for afour server system. For low
arrival rates, the performance of a four machine server farm system exhibits the same behavior as
that of a one or two machine server farm.  However, for high arrival rates, the system
performance does not suffer and throughput increases monotonically with arrival rates. This
behavior can be attributed to the fact that system did not attain its optimal. This finding indicates
that adding more machines to a server farm increases the overall throughput of the system. The
number of OK transactions show a negative correlation to arrival rates.

These results give us good indication to the scheduling policies that can be followed by
load balancer to distribute the load to the machinesin aserver farm. ‘No Tardy’ and ‘Feasible

policies provide overall better performance but ‘ Schedule All’ policy outperforms them under

17



low load condition. A load balancer encounters both periods of low as well as high load
conditions. Thus, the best options for aload balancer is to implement an intelligent mechanism
for aborting transactions.  This aborting mechanism should not terminate any transactions
prematurely at low arrival rates but should increase the intensity of aborting transactions as
system load increases to prevent the system from being overloaded. This amounts to the fact
that system should use ‘Feasible’ or ‘No Tardy’ policy for high system load conditions and

should prefer * Schedule All’ policy for low system load.
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Figure 8: Number of OK transactions for a four node server farm under different scheduling

policies

5.2 Analysisof impact of Priority Assignments Policies on the performance of the
system

Each transaction that arrives at arrives at the server farm system is assigned a priority.

This priority value is used by the scheduler to schedule transactions to the processor. Once a

18



process becomes free, it selects the next transaction to be serviced based on the prioritiesof the

transactions waiting to be serviced.

0.8 + 3 —e—FIFO
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Figure 9: Systemthroughput for a one node system under different priority handling policies

In this section, we analyze the performance of various priority handling policies for
‘Schedule All" scheduling policy. Figure 9 & Figure 10 show the impact of priority handling

policies on the system performance for a one node system.

3 —e— FIFO
200 4 —=— Deadline
—aA— Slack

Number of OK Transactions

Figure 10: Number of OK transactions serviced by a one node system for different priority

handling policies

Figure 11 & Figure 12 show the impact of various priority handling policies on the
performance of a two node server farm. It can be seen from the figures that the priority
assignment policies do not determine the system performance under low load conditions. This
result corresponds to the intuition. For low arrival rates the number of transaction waiting in the
gueue is small (often zero), thereby, eliminating the impact of priority policies. Thisresult is

also supported by Figure 4 that illustrates that CPU queuesin al nodes are very small under low
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load conditions. Priority policies gain significance once there are multiple transactions waiting in

the queue.
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Figure 11: System throughput for a two node server farm under different priority handling

policies
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Figure 12: Number of OK transactions serviced by a two node server farmfor different

priority handling policies

When the system load increases, the ‘ Slack’ policy significantly outperforms both ‘ FIFO’
aswell as‘Deadline policy. ‘FIFO’ policy performance the worst, which justifies the intuition
as this policy ignores the deadlines and schedules the transactions as they arrive. This causes
transactions with short deadlines to miss their deadlines adversely affecting the system
performance. The*Slack’ policy estimates the ‘slack time’ by estimating the service time for
the transaction. The performance of the ‘ Slack’ policy is dependent of this estimation of the
service time of transactions. If the dack estimates are low, the * Slack’ policy will behave similar

to ‘Deadline’ policy by scheduling the transactions with earlier deadlines before other
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transactions. However, if the dack estimates are infinitely large, ‘ Slack’ policy mimics ‘FIFO’
by servicing transaction on first come first serve basis.

It has to be noted that for the purpose of our experiments, we assume that the deadlines
for al transactions are known a priori. In actua systemsthisisnot the case. Inred life,
systems will have to estimate the deadlines of the transaction and make the policy decisions
based on those deadlines. Correctness of these estimates will play a significant rolein
determining the performance of the system. However, investigation into deadline estimation

methodologies is not the focus of this paper.

5.3 Analysisof Impact of Concurrency Conflict Resolution Policies

When a transaction tries to obtain locks on a data item, concurrency conflict arises if the
dataitem is already locked by another transaction. Figure 13 & Figure 14 present the impact of
‘Blocking’ and ‘Restart’ conflict resolution policies for a two-node system implementing

‘Schedule All’ policy.

Throughput

Figure 13: System throughput for a two node server farmunder different conflict resolution

policies
Thefigures indicated an unexpected but interesting result. The system performance for a two node
system is not dependent on the conflict resolution policies. We will have to examine the assumption
closely to analyze thisresult. The simulation assumes that all data items are equally likely to be accessed

by any given transaction. When the system load is low, the number of outstanding transactionsis few and
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the probability of conflict issmall. This precludes the need for conflict resolutions, thereby; the
concurrency conflict resolution policies have no impact on the system performance under low load

conditions.

—e_tiook:
—&@—Restart-2

Number of OK Transactions

Figure 14: Number of OK transactions serviced by a two node server farm under two different

conflict resolution policies

At high loads, system performance is governed by other factors, particularly the waiting
time in queue for the transactions. These factors mask any impact that the conflict resolution
policies have on the performance of the system, hence making it difficult to isolate the impact of
conflict resolution policies on the system performance. Even for intermediate |oad ranges, there
islittle difference in the performance of the system for both conflict resolution policies, although
‘Blocking’ policy seems to perform dlightly better than the * Restart’ policy. Thisdifferential
can be explained by the fact that immediately restarting a transaction tends to flood the system,
thereby, reducing system performance. However, this difference in performance is not
significant.

We recommend that a real- time distributed transaction processing system can use any of
the two conflict resolution policies because the system performance is dominated by scheduling
policies and not impacted much by the conflict resolution policies. A system can make the

choice of conflict resolution policy based on ease of implementation of the policy.



5.4 Impact of Network Delays on the Performance of the System

In the preliminary set of experiments, the performance of the system was observed for no
network delays. But in real world, transactions are subjected to network delays and these
network delays tend to vary significantly depending on the message size being transmitted.
Figure 15 & Figure 16 show the performance of the system for a four node server farm under
None, Small, or Large network delay conditions. For the experiments, the message delays were

derived from identical distributions.

Throughput
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Figure 15: Impact network delays on the throughput of a four node server farm
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Figure 16: Impact of network delays on the number of OK transactions serviced by a four

node server farm
These figures uncover a very interesting finding. The system performance actually
improves with network delaysi.e. the system performed better when the transactions were
associated with large network delays. Furthermore, the gap between the performance levels for

low and high network delays actually increased with the increase in the arriva rate for incoming
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transactions. One possible explanation for this anomalous behavior could be that the network
delays actually offset the system load by reducing the size of queues in the system. However,
the performance of the system needs to be analyzed further before any conclusion can be drawn.
We conducted additional experiments to analyze this unexpected result further. Figure
17 & Figure 18 present the impact of the various network delays for a four node system with
high arrival rate and segmented by scheduling policies: * Schedule All’, ‘ Feasible’ and ‘No
Tardy’. The network delays for these experiments were varied from 10 to 10" seconds per

transaction.
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Figure 17: Systemthroughput for a four node server farmunder different network delays

segmented by scheduling policies
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Figure 18: Number of OK transactions serviced by a four node server farm for different

network delays segmented by scheduling policies

The figures indicate that the system performance is steady for networks delays under
‘Feasible’ and ‘No Tardy’ policies. But, for ‘* Schedule All’ policy system performance follows a

‘bell shaped' curvei.e. the system performance improves initially with the network delay but the
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performance declines for larger delays. These finding suggest that network delay offsets the load
on the system processes. A number of factors can be responsible for this trend in system
performance. This behavior can also be associated with the instability in the system. We
further analyze the performance of system to isolate the effects of ‘temporary instability’.
Temporary instability in the system can be caused by high variance in the arrival rates.
The variance in the arrival rate can cause a temporary accumulation of transaction in the process
gueue. Since each transaction has a deadline, it has a time frame within which it needs to be
completed, thus, temporary instability can cause a significant reduction in the system
performance. Figure 19 & Figure 20 analyze the impact of variance in interarrival times on the
system performance under ‘ Schedule All’ policy. During experimentation, interarrival rates
wire generated from uniform distribution having the same mean (1.6 transactions per second) but

different variance (varying from 0.00033 to 0.208).
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Figure 19: System throughput for a four node server farm for different network delays

segmented by variancein theinterarrival times
The findings indicate a significant negative impact of delay variance on the system
performance. Increasing variability in the arrival timesis directly proportional to the increasing
variability in queue lengths, thereby, creating ‘temporary instability’. This causes the
transactions to be delayed beyond deadlines, which reduces the system performance. It seems

that the network delay actually reduces the variability in the queue length by spreading out the
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arrival of transactions. This causes the reduction in the temporary instability, hence improving

the performance of the system for high network delays.
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Figure 20: Number of OK transactions serviced by a four node server farm under different

network delays and segmented by variancein theinterarrival times

We aso analyzed how the network delay impacts the system performance for different
types of transactions. Impact of delays on read-only transactions is restricted to delays in lock
and unlock requests since the read-only transactions are processed locally. Update transactions,
on the other hand, are more likely to be effected by the network delays. We examined the impact
of delays on the type of transactions by varying the incoming mix of transactions. The
transaction mix is defined by the fraction of update transactions in the transaction mix. Figure

21 & Figure 22 illustrate the impact of mix of incoming transactions on the system performance.
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Figure 21: Systemthroughput for update transactionsin the mix varying from

The figures indicate that the system performance is better for read-only transactions,

however, the system performance suffers for high network delays. The gap between the
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performance levels for no update transactions and 50% update transactions widens for high
network delays. The observations support the intuition that network delays impact different

types of transactions differently and allow some transactions to be completed at the expense of

others.
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Figure 22: Number of OK transactions serviced by the system for update transactionsin the
mix varying from 0 to 50 %
5.5 Scalability

So far we have illustrated the performance of real-time distributed transaction processing
systems for several design parameters. But one other important design parameter is the number
of network nodesitself. Figure 23 & Figure 24 depict the performance of the system for one,
two, and eight node systems.

The figures indicate that the number of transactions serviced by the system before the
respective deadlines is almost same for al systems at low loads. However, the throughput of the
system varies widely depending on the number of nodes present in the system. The system with
higher number of nodes yields a significantly higher throughput. This is not unexpected as a
higher node system also associated higher computing resources. However, at high system loads,
the number of OK transactions serviced by the eight- node system is much less than those for the
corresponding one or two node systems. The throughput of the eight-node system undergoes

drastic deterioration for high system loads as compared to less complex systems. This steep
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decline may be due to high overheads required to maintain the data integrity for more complex
systems. Each transaction spawns a number of sub-transactions to perform lock, compute,
commit, and unlock operations. Some of these sub-transactions might be required to be sent to
all data nodes and may be needed to execute at all sites. In complex systems, the number of sub-
transactions may overwhelm the system causing a sharp degradation in the performance of the

system.
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Figure 23: System throughput for one, two, and eight node server farm
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Figure 24: Number of OK transactions serviced by one, two, and eight node server farm

Another useful metric to evaluate the system performance is average system throughput
as compared to the total system throughput. Figure 25 presents the average throughputs for one,
two, and eight machine server farm.

The throughput per node for the eight-node system is worse than that for less complex
systems. Thisisin contrast to the total throughput that was more for the eight-node system.

The difference in average throughput for eight-node system and less complex systems increases
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as the system load increases. Further research needs to be carried out to analyze the metrics that

capture the economic impact of the complex systems. This research is beyond the scope of this

paper.
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Figure 25: Average throughput for one, two, and eight node server farm
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Figure 26: Total throughput of the system for one, two, four, and eight node server farmwith

0% update transactionsin the mix
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Figure 27: Average throughput of the system for one, two, four, and eight node server farm

with 0% update transactionsin the mix

Another interesting thing to evaluate is how the performance of the system is affected by

the complexity of the system for different kinds of transactions. Figure 26 through Figure 33
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elucidate the total throughputs and average throughputs for one, two, four, and eight node server

farm system for different transaction mixes.
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Figure 28: Total throughput of the system for one, two, four, and eight node server farmwith

12.5% update transactions in the mix
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Figure 29: Average throughput of the system for one, two, four, and eight node server farm

with 12.5% update transactions in the mix
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Figure 30: Total throughput of the system for one, two, four, and eight node server farmwith

37.5% update transactionsin the mix
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Figure 31: Average throughput of the system for one, two, four, and eight node server farm

with 37.5% update transactions in the mix
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Figure 32: Total throughput of the system for one, two, four, and eight node server farmwith

50% update transactionsin the mix
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Figure 33: Average throughput of the system for one, two, four, and eight node server farm

with 50% update transactions in the mix

The figures show some interesting trends in the behaviors of the system for different
transaction mixes. The performance of a distributed system is scalable if al transactions are
read-only transactions. The average throughput remains same in almost al load conditions for

one, two, four, and eight node server farm systems for read only transactions. Thus, the
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throughput for an eight node server farm is almost four times the throughput for a two node
system amounting to a linear scalability. However, if the transaction load is near the unstable
region, the system performance suffers faster for more complex systems.

When the fraction of update transaction is 50% in the transaction mix, the total
throughput for complex systems is better than less complex systems. However, the tota
throughput deteriorates rapidly in complex systems as system load increases. Thereby, for high
load conditions, the total throughput for less complex systemsis actually better than that of more
complex systems. In the intermediate range of transaction mixes, the degradation in
performance exhibits a monotonic behavior, i.e., the degradation in performance with system
load in complex systems is quicker than that in simple system. Also, this rate of degradation
increases with the increase in fraction of update transactions in the transaction mix.

The above findings suggest that transaction mix should govern the design of areal-time
distributed transaction processing system. If the system is to be designed for more read only
operations, it is a good idea to create large number of nodes in the system for faster processing
and better system throughput. This justifies the use of server farm systems for web viewing
applications. However, if the system is responsible for high number of update transactions, the

update capabilities should be limited to small number of nodes.

6 CONCLUSIONS

The results of this research provide insights into design of server farm systems for
handling real time e.commerce transactions. Experiments demonstrate that system
performance, defined by number of successful transactions serviced and the system throughput,
is dependent on several factors. Perhaps, most critical of these factors is the scheduling policy

that governs the handling of transactions arriving at the system. The system performance
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degrades sharply with the system load for a prudent scheduling policy where all transactions are
scheduled. At high loads, policies that tend to eliminate transactions that have already missed
deadlines or are expected to miss deadlines performed much better. Thereby, we need an
intelligent system that schedules al transactions at low system loads and eliminates all ‘tardy’
transactions at high loads. The success of this system is critically dependent on the estimation of
the time required to compl ete a transaction.

An interesting finding of this research was that the concurrency conflict resolution
schemes did not affect the system performance for any system load as the system performance is
dominated by the waiting time in queue under all conflict resolution schemes. Systemswith
high variance in arrival rate actually benefit from small to medium network delays. Thereby, if
the transaction arrival rate has high variance, spreading out the transaction would help the system
performance. Performance for highly complex systems degrades rapidly if there is high fraction
of update transactions arriving at the system. However, the system throughput increases for
complex systems servicing only read only transactions. We recommend spreading the read
capabilities across al the nodes in the distributed system and limiting the update capabilities only
to few nodes.

In this research, we tested only a subset of design policies that can be implemented by a
real time distributed transaction processing system. The design policies not covered in this
research can be tested in future research. We also did not determine an economic measure to
evauate the value of acomplex system. In thisresearch we also assumed the transaction
deadlines to be known apriori. A probabilistic model can be developed in future research to

relax this assumption. We also did not consider partial mix of read and write policiesin the



transaction mix. Partia replication of read-write policies can give us a better insight in the

design of the complexity of the system.

7 DESIGN IMPLICATIONS

This section presents two major design implications inferred from the study. First
implication pertains to the network delays experienced by transactions and second concerns the
scheduling of overloading trarsactions by the load balancer.

Implication 1: It was noticed that a small amount of network delay actually enhanced
the performance of the system by reducing the variance in the arrival of the
transactions. However, high network delays deteriorated the system performance.
Thisimplies that a hierarchical structure is more suitable for a server farm system
(Figure 34). This structure would reduce large network delays. However, transactions
will still face small network delays. The performance evaluation for this hierarchical

structure will be undertaken in future research.
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Figure 34: Hierarchical Server Farm Architecture
Implication 2: *Schedule All’ policy performed better than ‘Feasible’ or ‘No Tardy’
policy under high load conditions. However, the performance of the system reduced

drastically for * Schedule All’ policy with increase in system load. We propose an



intelligent system to be used with the load balancer (Figure 34). This system would
sense the load and decide which scheduling policy to be use. The implementation and

evaluation of thisintelligent system is scheduled for future research.
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