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Abstract

High-end servers that can be partitioned into logical subsystems and repartitioned on the fly are now becoming
available. This development raises the possibility of reconfiguring distributed systems online to optimize for dy-
namically changing workloads. This paper presents one approach to solving this online reconfiguration problem.
In particular, we learn to identify, from only low-level system statistics, which of a set of possible configurations
will lead to better performance under the current unknown workload. This approach requires no instrumentation of
the system’s middleware or operating systems. We introduce an agent that is able to learn this model and use it to
switch configurations online as the workload varies. Our agent is fully implemented and tested on a publicly available
multi-machine, multi-process distributed system (the online transaction processing benchmark TPC-W). We demon-
strate that our adaptive configuration is able to outperform any single fixed configuration in the set over a variety of
workloads, including gradual changes and abrupt workload spikes.

1 Introduction

Recent advances in hardware development have made adaptive hardware reconfiguration possible. For example, pro-
cessors and/or memory may be dynamically added to or removed from a running system [23]. This capability adds
more flexibility to systems operation but raises the challenge of determining when and how to reconfigure. This paper
establishes that automated adaptive hardware reconfiguration can significantly improve overall system performance
when workloads vary.

In previous research [34], we established that there is a potential to improve system performance by reconfiguring
CPU and memory resources in a benchmark transaction processing system. In particular, we demonstrated that no
single configuration is best for all workloads and introduced an approach to learning which configuration is most
effective for the current workload based on low-level system statistics. Although this work established that on-line
reconfiguration should, in principle, improve performance, to the best of our knowledge it has not yet been established
that online hardware reconfiguration actually produces a significant improvement in overall performance in practice.

This paper presents an approach to using such a learned model to guide on-line reconfiguration, showing that it
can indeed be effective in practice. We extend our training methodology presented previously to train a new, more
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robust learned model, and then use this model to guide an online agent to perform hardware reconfigurations. We show
that this agent is able to make a significant improvement in performance when tested with a variety of workloads, as
compared to static configurations.

Additionally, a framework is described that allows for general testing of adaptive agents. Our system allows for
on-the-fly reconfiguration, driven by a generic agent. Two instantiations of this agent are implemented: the learning
agent described above and an omniscient agent used to modify the configuration at the optimal time so as to provide
the performance limit for any adaptive agent implementation.

The remainder of this paper is organized as follows. The next section gives an overview of our experimental
testbed. Section 3 details our methodology in handling unexpected workload changes, including the training of our
agent (Section 3.1) and the experiments used to test the agent (Section 3.2). Section 4 contains the results of our
experiments and some discussion of their implications. Section 5 gives an overview of related work, and Section 6
concludes.

2 Experimental Testbed and System Overview

Large servers are now available that can be partitioned into one or more logical subsystems [23, 14, 28]. Each of
these logical systems has some amount of memory and processors available to it, enabling it to operate as if it were an
independent physical machine. By allowing each logical subsystem to run its own instance of the operating system,
they are prevented from interfering with each other through resource contention.

Furthermore, these servers can be flexibly configured to allocate different amounts of memory and processing
resources to the logical subsystems. Hardware is also available that allows a single physical system to partition itself
into one or more logical systems at a sub-processor level; that is, where a logical system may only be permitted to use
as little as % of a processor on the physical hosting system [23].

However, this flexibility raises the challenge of determining how and when to reconfigure the hardware so as to
maximize a system’s performance. We have previously shown [34] that an allocation of resources to subsystems that
maximizes performance for one set of workloads may be suboptimal for other workloads. In particular, real-time
reconfiguration may be needed to maximize performance when the workload changes.

Because reconfigurable hardware is not (yet) easily available, the research reported in this paper simulates recon-
figuration of logical subsystems on multiple desktop computers. The remainder of this section details the testbed setup.
An overview of the TPC-W benchmark and a discussion of some modified specifications in our testbed can be found
in Section 2.1. The software packages we use are given in Section 2.2. The hardware and simulation of sub-processor
partitioning and reconfiguration are explained in Section 2.3. Finally, an overview of the implementation of the tuning
agent is presented in Section 2.4.

2.1 TPC-W

The TPC-W Benchmark [30] is a standardized benchmark put out by the Transaction Processing Performance Coun-
cil.! Tt is designed to determine the relative performance of a System Under Test (SUT) when used to run an online
bookstore. The benchmark operates by having an external machine or set of machines, the Remote Browser Emulators
(RBEs), run a set of Emulated Browsers (EBs). These browsers represent individual customers of an online bookstore.
The customers may browse through the store, view products, perform searches, and sometimes place orders.

The relative probabilities of the customers’ actions are defined by the TPC-W specification. There are three
workloads, called mixes, defined:

1. The shopping mix, which represents normal operation of the system, with 80% of the accesses being users
browsing the available catalog, and 20% of the accesses are orders being placed;

2. The browsing mix, representing a slow commerce period, in which 95% of the users are browsing, and only 5%
are ordering; and

I'TPC-W has recently been replaced by TPC-App, previously known as TPC-W version 2.



3. The ordering mix, representing a rush on the latest hot book, in which browsing and ordering users are evenly
split.

The differences between these mixes is summarized in Table 1. There are a total of 14 web pages that can be retrieved.
These pages are divided into six browsing pages (Home, New products, Best sellers, Product detail, Search request,
Search results) and eight ordering pages (Shopping cart, Customer registration, Buy request, Buy confirm, Order
inquiry, Order display, Admin request, Admin confirm). The probability of a customer moving from a given page to
any other page is well defined by the specification, and each page has its own expected response time.

Mix
Browsing Shopping Ordering
Browsing pages | 95% 80 50
Ordering pages 5% 20 50

Table 1: Expected percentages of different pages for the TPC-W mixes. The numbers in this table are specified by
Garcia [10].

Pages are generated dynamically in response to user queries, and some pages require significantly more processing
than others. For example, because the admin pages update the prices and stock in a highly-used database, they
consume more resources than simply pulling up the home page. A single run of the benchmark consists of a ramp-up
period, followed by a measurement interval. Results are usually summaries with a single measure of throughput—Web
Interactions per Second (WIPS). WIPS are the average number of page requests that return in a second (equivalent to
the total number of pages retrieved divided by the total time in seconds) during the measurement interval.

Commercially built and tested systems that publish performance results often have one main database server and
many independent web servers. Additionally, they often have distinct web cache servers, image servers, and load bal-
ancers. When the benchmark was retired, the WIPS record holder [29] reported 21,139.7 WIPS using 27 2-processor
web servers, 21 2-processor image servers (one of which is also a load balancer), 13 web caches (11 2-processor, 2
1-processor), and 1 8-processor database server. For simplicity, this work considers the situation where there is one
database server (back-end) and one web server (front-end), as illustrated in Figure 1. Our system produces WIPS
numbers that, though 3 orders of magnitude less than such a commercial system (due largely to the corresponding
difference in processing power and memory), are not out of the ordinary for experimental systems.

The TPC-W specification places some strict restrictions on various facets of the system. For example, many pages
contain a set of random promotional items displayed at the top; these items are expected to be randomly selected each
time the page is generated. We relax some of these requirements. In our implementation, a set of items is cached for
30 seconds and reused for all pages desiring these promotional items during that time period.

Some other specifications that are modified are:

e Relationship between the number of EBs and the reported WIPS: The specification states that the number of
EBs should be no more than 14 times the WIPS value. We run substantially more EBs than this quantity with
the intention of overloading the system.

e [nitial population of the database: The number of initial customers and related data is supposed to be 2880 times
the number of EBs being used. We instead use a smaller number of customers, both to introduce contention in
the database and because the number of EBs is not fixed.

o Web Interaction Response Time (WIRT) constraints are ignored: Each page has a maximum response time
specified; 90% of requests of the page should satisfy the constraint. Because we are pushing the system to
extremes, we do not want to ignore results that violate this threshold. Ongoing work uses this as a secondary
metric.

The primary reason these specifications are modified is that our intention is to overwhelm the system, whereas the
TPC-W specifications are explicitly designed to prevent this from happening. Nonetheless, we use TPC-W because it
is a convenient way of generating realistic workloads.?

2Since our results are not intended for submission to the Transaction Processing Performance Council, we are not concerned that our performance
numbers cannot be directly compared against commercially built systems.
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Figure 1: The 3 machines used in the physical setup. The thick, dashed rectangles represent physical machines.
The dotted rectangles are processes, and the innermost rounded rectangles are logical units. Network connections
are shown as lines and come together at the point where they are managed; i.e., the front-end handles routing of
connections to the application and image servers, while the physical machine coalesces the individual EBs’ network
connections.

2.2 Software

A TPC-W implementation requires three software modules to support the SUT and drive the benchmark: a database
server, an application server, and an image server. The implementation in this research uses PostGreSQL 8.0.4 as the
database server. The front-end uses Apache Jakarta Tomcat 5.5.12 as a combined application server and image server.
The Java code run by the application server to generate the web pages (and interface with the database) is derived
from the code freely available from the University of Wisconsin PHARM project [5]. This code implements both the
servlets and a Java RBE, which is used to run the benchmark. Slight modifications are necessary to work with Tomcat
and PostGreSQL [22]. The servlets are modified to make use of limited caching of data and to use a limited number of
connections to the database. The number of connections is controlled by a Java semaphore. Because this semaphore
is sometimes in heavy demand on the system, the option to force fairness is enabled. Finally, a new administrative
servlet is implemented whose sole function is to change this semaphore to allow more or fewer connections to the
database. The number of connections to the database is one reconfigurable option on the system.

Additionally, two modifications are made to the RBE. First, inabilities to connect to the front-end and connection
timeouts are retried, rather than being treated as a fatal error. Also, the EB generation code is modified to support a
combination of EBs running different mixes and to allow the workload to change during the measurement interval.

2.3 Hardware

The physical setup of the system uses 3 identical Dell Precision 360n machines. Each machine has a 2.8 GHz processor
and 2 GB RAM. The machines are networked using built-in gigabit ethernet interfaces and a gigabit ethernet switch.
As illustrated in Figure 1, one machine acts as the back-end database machine, one machine is the front-end web
server, and one machine drives the benchmark by hosting the RBE. Additionally, this machine hosting the RBE also
runs the tuning agent. In a true reconfigurable system, this agent would likely run on an independent system.

Though these computers are physically distinct in practice, they are meant to represent logical partitions of a single
reconfigurable computer with a total of 2.8 GHz processing power and 2 GB RAM. To simulate partitioning of one
such machine into a front-end and back-end machine, memory and CPU power are artificially constrained on each
machine so that, overall, one full 2.8 GHz processor and 2GB of RAM are available for use by the front-end and
back-end combined.

For example, when the front-end is allowed to use 1.8 GHz, the back-end has 1.0 GHz available. The processors
are constrained through the use of a highly favored process that spins in a busy loop for a short, fixed period of
time. By actively spinning for a given percentage of the time, only the remaining idle processor time can be used
for benchmark-related work. For example, if the processor is actively spinning for 75% of the available cycles, this
simulates a 0.7 GHz machine. In order to avoid overly bursty performance, the process yields the processor at least
once every 160 ms.



Similarly, memory is constrained by using the Linux mlock() subroutine to pin a certain percentage of memory.
A separate process is run that allocates and pins a configurable amount of memory. When this process is told to pin
1.5 GB of memory, this simulates a machine with only 0.5 GB of memory available for use. This implementation is
similar to VMware ESX Server’s ballooning technique [32], although the physical memory is merely held in our case,
as we are not operating on virtual machines.

By using both of these constraining processes simultaneously, simulation of any desired hardware configuration
is possible. Additionally, the processes are designed to change the system constraints on the fly, so we can simulate
reconfiguring the system. In order to ensure that we never exceed the total combined system resources, we must
constrain the “partition” that will be losing resources before granting those resources to the other “partition.”

2.4 The tuning agent

The tuning agent handles real-time reconfiguration. There are three phases to the reconfiguration. First, the number
of allowed database connections is modified, if specified. Once this completes, any CPU resources being moved are
constrained on the machine losing CPU and added to the other; then memory is removed from the donor system and
added to the receiving system. Each step completes before the next is begun.

While true reconfigurable systems often have a dedicated connection of some sort (parallel, serial, dedicated eth-
ernet, etc.) between the tuning agent and the system [12], ours is restricted to communication over the shared ethernet.
On a heavily loaded system, this restriction can delay the reconfiguration tasks significantly. To avoid this delay, the
tuning agent maintains a persistent connection to each machine. This connection is “niced” to a highly favored pri-
ority (although not as favored as the CPU constraining process), so that reconfiguration can take precedence over the
database and web server.

There are two types of tuning agents we simulate. The first is an omniscient agent. This version of the agent is
told both the configuration to switch to and when the reconfiguration should occur based on complete knowledge of
when the workloads will switch. At each workload switch, the configuration that is better for that type of workload is
used. The omniscient agent is used to obtain upper bound results when there is a known set of configurations that will
maximize the performance of the system, thus allowing us to have a known maximum performance against which to
compare.

The second agent is one that makes its own decisions as to when to alter the configuration. This decision can be
based on a set of hand-coded rules, a learned model, or any number of other methods. The agent we discuss in this
paper is based on a learned model that uses low-level system statistics to predict the better option of two configurations.
This learned version of the tuning agent is discussed in detail in Section 3.1

3 Handling Workload Changes

While provisioning resources in a system for a relatively predictable workload is a fairly common and well-understood
issue [9, 20], these static configurations can perform very poorly under a completely different workload. For example,
we consider a small local bookstore that has recently started taking orders online. The website would likely see a set
of regular customers shopping online, and a large number of customers browsing the site, but not yet ready to place
orders online. These browsing users would be primarily served from cached data, and there would be less resources
needed for the database. As this would be the expected audience for the site, the hardware would be configured to give
only enough resources to the database to handle the regular customers, while assigning the bulk of the resources to
handle the webserver. However, as customers become more comfortable with the site, they are likely to start ordering
books through the system. Over time, the workload will gradually change from a primarily browsing site to have
more ordering users. As this happens, there will be more load on the database and the site’s throughput will fall as
the database system is starved for resources. In this situation, the machine has gone from being properly configured to
being poorly configured due to the change in workload.

In addition to such gradual changes, sudden, drastic changes in workload are also possible and must be handled
quickly. There is a common phenomenon known as the “Slashdot effect” [33]. In this situation, an established but
often little-known site is featured on a news site such as Slashdot [26]. This site is then inundated by users linking
from the news article. If the site is an online store with a set of loyal customers regularly ordering products, it would be



configured for that expected workload. The large number of users appearing, who often have no intention of ordering
any products, can overwhelm sites that are not prepared for this unexpected change in workload. We call this situation
a workload spike.

Unfortunately, in practice, the workload is often not an observable quantity to the system. It is possible to instru-
ment the system in various ways to help observe part or all of the workload. For example, instrumentation could be
added to the middleware to indicate which web pages are being fetched in real-time. The percentage of each page
would be an indicator of the workload. Alternately, the system could be modified to analyze the TCP/IP stream flow-
ing between the two systems, or between the webserver and the users. Statistics output from this analyzer could form
an interpretation of the workload

However, previous work [34] has shown that low-level operating system statistics can be used instead to help
analyze the workload and suggest what configuration should be used. These system statistics have the advantage of
not requiring any instrumentation to be added to the middleware. By using out-of-the-box versions of middleware,
the system allows for easy replacement of any part of the system without the need for significant reimplementation.
Low-level statistics do not refer to workload features, and so might be easier to generalize across workloads. For these
reasons, we use the low-level statistics in preference to customized instrumentation of either the operating system or
the middleware.

3.1 Training the model for a learning agent

In order to automatically handle workload changes, we train a model to predict a target configuration given system
statistics about system resource use. To collect these statistics, each machine runs the vmstat command and logs system
statistics. Because it is assumed that a true automatic reconfigurable system would supply these statistics through a
more efficient kernel-level interface, this command is allowed to take precedence over the CPU constraining process.

The statistics reported by vmstat can be found in Table 2. In order to make this more configuration-independent, the
memory statistics are converted to percentages. The resulting vector of statistics, as well as the current configuration
of the system, comprise the input representation for our trained model. The model then predicts which configuration
will result in higher throughput, and the agent framework reconfigures the system accordingly.

processes (number) | runnable blocked
memory (KB) | VM used idle
inactive active

swapping (KB/s) | swappedin swapped out
I/0 (blocks/s) | received sent

System (per second) | interrupts context switches
CPU (%) | user system
idle waiting

Table 2: Statistics reported by vmstat

For our experiments, we consider two possible system configurations. The first gives the bulk of the resources
on the system to the database machine. In this configuration, the database receives }—2 of the CPU time and g of
the memory, leaving under only 13—6 of the CPU and % of the memory to handle all the web server activity. In this
configuration, the system is allowed 1000 connections between the web server and the database. This configuration is
ideal for the ordering intensive workloads.

The other configuration is designed to handle the browsing intensive workloads, giving 1573 of the CPU to the web
server and % of the memory. The database still retains % of the CPU and % of the memory. Although this appears to
be a large subset of resources to give to the database for a browsing workload, many of the web pages are required to
access the database, even if only to query data about an item. In this configuration, the system is also restricted to 400
connections between the web server and the database. A wide range of possible connection limits was investigated,
and the selected numbers maximize the throughput for the given configurations.

In order to acquire training data, a series of 100 pairs of varied TPC-W runs are done. Each pair of runs uses

a workload that consists of 500 shopping users and a random number of either browsing or ordering users (50 pairs



each). The random number ranges from 500 to 1000. The runs have 240 seconds of ramp-up time, followed by 400
seconds during which the WIPS are measured. During this measurement interval, 200 seconds of vmstat data was also
collected. Each pair of runs consists of one run on each configuration.

From the combinations of WIPS on each run and the 200 seconds of system statistics, a set of training data points
are created in the following way. First, the WIPS from the two runs are compared, and the configuration with the
higher throughput is determined to be the preferred configuration for all data points generated from this pair. Then,
each collection of system statistics is divided into non-overlapping 30 second intervals. Each interval is averaged to
generate the system statistics for one data point. In this way, each of the 100 pairs of runs generates 12 data points.
This training data is more representative of real world data than we had previously investigated; our previous work
used only a fixed set of known workloads for training and testing.

Given training data, the WEKA [35] package implements many machine learning algorithms that can build models
which can then be used for prediction. In order to obtain human-understandable output, the JRip [7] rule learner is
applied to the training data. For the generated data, JRip learned the rules shown in Figure 2.

The ordering-biased configuration should be used if any of the following conditions are met:

1. The database spends at least 6.96% of the execution time waiting for I/O and the database experiences
over 509.38 context switches per second and the application server has at least 30.15% of its memory
active

2. The application server spends less than 44.90% of the execution time in user space

3. The database spends at least 5.45% of the execution time waiting for I/O and the database receives
less than 2761.88 blocks per second from devices and the application server has at most 49.19% of its
memory idle

4. The application server spends at most 32.53% of the execution time in kernel space and the application
server has at most 40.94% of its memory idle

5. The database has at least 82.76% of its memory active

Otherwise, the browsing-biased configuration should be used.

Figure 2: JRip rules learned by WEKA

As can be seen in Figure 2, JRip determines a complex rule set that can be used to identify the optimal configuration
for unobserved workload. Of 32 system statistics supplied total, it determined that there were 8 of importance in
making decisions. These 8 are evenly split over the front- and back-end machines; however, we can see that all of the
front-end statistics are either related to where execution time is being used and how well memory is being used. The
back end statistics, cover not only those two categories, but also cover context switches and device I/O. We also note
that the rules specify a means of identifying one configuration over the other; the browsing-intensive configuration is
taken as the “default.”.

If we look at the rules in some more depth, we can identify certain patterns that indicate that the rules are logical.
For example, rules 1 and 3 both set a threshold on the amount of time spent by the database waiting for I/O, while
rule 5 indicates that a large percentage of the memory on the database is in use. All three of these indicators point
to a situation where more memory could be useful (as in the database-intensive configuration). When memory is
constrained, the database files will be paged out more frequently, so more time will be spent waiting on those pages to
be read back in.

Another trend we can identify (from rules 2 and 4) is that there appears to be a proper balance of execution time on
the application server. Rule 2 works with a lower threshold on the amount of time spent in user space, while rule 4 sets
an upper bound on the amount of time spent in the kernel. While these would seem unrelated to the database needing
more resources, a properly balanced system would have the front-end make a request to the database (which would
spend a small amount of time in the kernel creating the socket, sending the request, and receiving the response), and
would then resume execution in user space. If the application server is not spending that requisite time in user space



(or is spending an excessive quantity of time in the kernel), it stands to reason that there is a problem establishing the
connections and getting the responses. The logical conclusion of this is that the database is not able to quickly handle
the incoming requests.

One important facet of the rules learned is that they are domain-specific; although these rules make sense for our
distributed system, different rules would be necessary for a system where, for example, both processes are CPU-heavy
but perform no I/O (such as a distributed mathematical system). While we do not expect rules learned for one system
to apply to a completely different system, training a new set of rules using the same methodology should have similar
benefits. By learning a model, we remove the need to explore the set of possibly relevant features and their thresholds
manually.

To verify our learned model, we first evaluate the performance of JRip’s rules using stratified 10-fold cross valida-
tion, in which results are averaged over 10 separate trials where the learning algorithm is training on 90% of the data
and tested on the remaining 10% held out as independent test cases. In order to prevent contamination of the results by
having samples from a single run appearing in both the training and test sets, this was done by hand by partitioning the
100 training runs into 10 sets of 10 (each set having 120 data points). The 10 trials each used a distinct partition as the
test set, while training on the remaining 9 partitions. In this test, JRip correctly predicts the better target configuration
98.25% of the time.

3.2 [Evaluating the learned model

We present two types of workload changes: the gradual change and the workload spike. We concentrate our evaluation
on the workload spike, as sudden changes in workload are more necessary to adapt quickly to than a gradual change.

In order to simulate workload spikes, we warm the system up with one workload. Once that workload reaches
steady state for a period of time, we change the workload suddenly to a different mix of users. After a period of time
we return to a configuration similar to but not necessarily identical to our start configuration. We test both browsing
and ordering spikes; for simplicity, we will only describe the browsing spike below. The base workload consists of 500
shopping users with a random number (between 500 and 1000) of ordering users. This workload reaches the steady
state (240 seconds of ramp-up time), and then there are 200 seconds of measurement time, as before. At that point,
the workload abruptly changes to a browsing intensive workload, with between 500 and 1000 users. Any available
ordering users are converted to the new mix, while any surplus users are terminated. If more users are needed, they
are spawned immediately.

The spike continues for 400 seconds. After this time, the workload abruptly reverts to an ordering intensive
workload, with a newly generated random number of additional users. After 200 more seconds, the measurement
interval ends. A diagram of the browsing spike workload can be found in Figure 3(a).

We also want to simulate a gradual change. For this, we begin with a workload that consists of 500 shopping users
and some large number of browsing users. We allow this workload to reach a steady state by letting it run for 240
seconds of ramp-up time, followed by 200 seconds of measurement time. We then convert these users to the ordering
mix in quarters, allowing 100 seconds of time between each switch. Finally, when all the users are in the ordering
mix, we allow them to run for 300 more seconds of measurement time. We convert from browsing users to ordering
users in keeping with our motivating example. A diagram of the workload can be found in Figure 3(b).

Each workload is tested under 4 hardware configurations. As baselines, both static configurations execute the
workload. Additionally, because we know when the spike takes place and when it ends, we can test the optimal set of
configurations with the omniscient agent. For the gradual change, we can see where each configuration is optimal and
force the omniscient agent to reconfigure the system at that point. Finally, the learning agent is allowed to completely
control the configuration based on its observations.

The agent continuously samples the partitions’ system statistics and predicts the optimal configuration using a
sliding window of the most recent 30 seconds of system statistics. If a configuration chance is determined to be
beneficial, it is made immediately. After each configuration change, the agent sleeps for 30 seconds to allow the
system statistics to reflect the new configuration.
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Figure 3: Examples of tested workloads

4 Results and Discussion

Evaluation of the learning agent is performed over 10 random spike workloads. Of these workloads, half are browsing
spikes and half are ordering spikes. Each workload is run 15 times on each of the static configurations, as well as with
the learning agent making configuration decisions, and finally with the omniscient agent forcing the optimal hardware
configuration. The average WIPS for each workload are compared using a student’s t-test; all significances are with
95% confidence, except where noted.

Overall, the learning agent does well, significantly outperforming at least one static configuration in all 10 trials,
and outperforming both static configurations in 7 of them. There are only 2 situations where the adaptive agent does
not have the highest raw throughput, and in both case, the adaptive agent is within 0.5 WIPS of the better static
configuration. The agent never loses significantly to either static configuration. The random workloads and average
WIPS results for the ordering spike trials can be found in Table 3 and results for the browsing spike trials are in Table 4.

Number of users in phase
1 2 3 Configuration
(browsing) | (ordering) | (browsing) | browsing | ordering | adaptive | omniscient
652 598 669 67.8 69.3 77.9 77.9
960 871 991 68.8 69.5 75.1 75.4
959 595 780 71.2 69.9 78.7 78.2
984 973 682 69.0 68.2 74.6 75.9
781 778 989 69.1 68.8 78.5 77.8

Table 3: WIPS results for ordering spike workloads in various configurations. Bold numbers indicate the best non-
omniscient result in each row. Numbers in parentheses show no significant difference to the best result; italicized
numbers indicate situations where the omniscient agent was significantly better.

In addition to performing well as compared to static configurations, we can see that the learning agent even ap-
proaches the accuracy of the omniscient agent. In 4 of the 5 ordering spike tests, the adaptive agent is no worse than
0.5 WIPS below the omniscient agent, actually showing a higher throughput in 2 tests®. One typical example of the
throughputs of each of the four configurations on an ordering spike can be seen in Figure 4.

In handling browsing spikes, the agent consistently exceeds the throughput of one static configuration and always
performs at least as well as the other static configuration. In 2 of the 5 tests, we see that the agent actually wins
significantly over both configurations. However, the agent has more room for improvement than in the ordering spike

3We theorize that this is likely due to random variance.



Number of users in phase
1 2 3 Configuration
(ordering) | (browsing) | (ordering) | browsing | ordering | adaptive | omniscient
800 837 916 65.1 69.5 71.2 70.8
762 942 895 65.3 69.3 72.7 73.3
951 915 774 64.2 694 (69.0) 70.5
711 933 830 64.9 (70.0) 71.5 73.8
631 891 671 63.7 69.4 (69.2) 72.0

Table 4: WIPS results for browsing spike workloads in various configurations. Bold numbers indicate the best non-
omniscient result in each row. Numbers in parentheses show no significant difference to the best result; italicized
numbers indicate situations where the omniscient agent was significantly better.

Ordering Spike
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Figure 4: WIPS throughput for each of the configurations during an ordering spike, averaged over 15 runs. The graph
at the bottom shows how many learning agents had chosen each configuration at a given time; these choices are all
averaged in the “adaptive” graph.
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tests; on average, the learning agent is 1.3 WIPS below the omniscient agent. An example of the throughputs of each
of the four configurations on a browsing spike can be seen in Figure 5.

In both examples, we see some sudden, anomalous drops (at approximately 900 seconds in Figure 4 and approx-
imately 650 and 850 seconds in Figure 5). These drops can confuse the agent; in Figure 5, we see that, until the
anomaly, the agents are changing from the ordering to the browsing configuration during the spike. After the anomaly,
the agents briefly begin reverting back to the ordering configuration. The cause of this anomaly has been identified*;
future work will eliminate this slight confusion to the agent.

Browsing Spike
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Figure 5: WIPS throughput for each of the configurations during a browsing spike, averaged over 15 runs. The graph
at the bottom shows how many learning agents had chosen each configuration at a given time.

In addition to spikes of activity, we test gradual changes in workload to verify that the agent is capable of handling
gradual changes. For this test, 800 browsing users become ordering users as detailed in Section 3.2°. Over 20 runs,
the average throughputs of the browsing- and ordering-intensive configuration are 70.7 and 69.3 WIPS respectively.
The learning agent handles this gradual change gracefully, winning overall with an average throughput of 76.6 WIPS.
However, there is also room for improvement, as the omniscient agent, which switches configurations when there are
400 users running each of the browsing and ordering workloads, significantly outperforms the learning agent with an
average throughput of 79.1 WIPS. The average throughput over time for this test can be seen in Figure 6.

This method for automatic online reconfiguration of hardware has definite benefits over the use of a static hardware
configuration. Over a wide variety of tested workloads, it is apparent that the adaptive agent is better than either static
configuration considered. While the agent has room for improvement to approach the omniscient agent, omniscience
is not a realistic goal. Additionally, based on the rule set learned by the agent, it is apparent that the problem of
deciding when to alter the configuration does not have a trivial solution.

5 Related Work

The concept of adaptive performance tuning through hardware reconfiguration has only recently become possible, so
few papers address it directly. Much of the work done in this field thus far deals with maintaining a service level
agreement (SLA); while this work is similar (and certain relevant examples are cited below), this is a fundamentally
different problem than that which we are investigating, where there is no formal SLA against which to determine
compliance. This section reviews the most related work to that reported in this paper.

4The database was not reanalyzed after population; as a result, all administrative tasks took a very long time performing sorts, which put a
massive strain on the database

SWe also performed the ordering-to-browsing test, but due to severe under-performance of the browsing intensive configuration, the “correct”
configuration to choose was the ordering-intensive one. Our agent chose that configuration almost all the time, resulting in a throughput that was
indistinguishable.

11



Gradual change
|

|
|
I
I
|
I
I
|
>, Jb- g, roa md
A R Y L e N
R
s

WIPS

L |
800 00 1000 1100

—browsing —— ordering — — adaptive """ nmnisciem‘

Number of agents in each configuration

lpr=ey | PO T T
A ]

Py

# agents
=

ok 1 1 Il Il |
200 300 400 500 600 700 800 300 1000 1100
Time (s)

Figure 6: WIPS throughput for each of the configurations during a gradual change of user mix, averaged over 10 runs.
The graph at the bottom shows how many learning agents had chosen each configuration at a given time.

5.1 Model-based and control-theoretic approaches

Menascé et al. [18] discuss self-tuning of run-time parameters using a model based approach; in this work, the pa-
rameters concern the numbers of threads and connections allowed to the webserver. The authors suggest that a similar
method should be extensible to hardware tuning as well. A hill-climbing algorithm is used to tune the parameters for
the currently observed workload. This requires constructing a detailed mathematical model of the system; our work
treats the system as a black box. Additionally, this work uses the current workload as an input to the performance
model, whereas we treat the workload as an unobservable quantity.

Urgaonkar et al. [31] use a queuing model to assist in provisioning a multi-tier Internet application. While the
end goal is similar to our goal in this paper, there are two important differences in this approach. First, this approach
is fundamentally intended to handle multiple distinct servers at each tier, whereas our approach is intended to have
just one server with a variable amount of processing power. Additionally, this system assumes that there are unused
machines available for later provisioning, while we assume that the system is limited in resources in order to avoid
overprovisioning.

Aiber et al. [3] investigate optimization of a system according to high-level business objectives. In order to accom-
plish this, a model is built using general-purpose, predefined building blocks. Performance improvement is largely
done through optimization of the individual pieces of the model. This requires modeling the system, which we do not
need. Additionally, this work focuses more on different treatments of different SLAs (with corresponding application
stacks), whereas we consider that there is only one application on the server, and a non-formal SLA.

Kandasamy et al. [15] use a control-theoretic approach to self-optimizing a system. In their situation, the goal
is not to maximize performance overall, but to minimize power consumption. This involves prediction of the future
workload and using that prediction to estimate the optimal frequency to run the processor at. We consider cases where
the server is likely to be overwhelmed, and, as such, the processor will always run at full power.

Karlsson and Covell [16] propose a system for estimating a performance model while considering the system as
a black box. They use a Recursive Least-Squares Estimation approach to attempt to model the performance of the
system without knowing the details of its internals, with the intention that this model can be used as part of a self-
tuning regulator. While this approach appears to help meet an SLA goal (using latency as the metric), it does not aim
to maximize the performance; rather it tries to get as close as possible to the SLA requirement without exceeding it.

5.2 Performance management of a single system

Strickland et al. [27] propose a system for allowing idle processor cycles to be “scavenged” for other work (such as
SETI@Home [25]), while also allowing these scavengers to be throttled in order to minimize impact on performance.
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This work assumes that there is such idle time; the performance arena we are focusing on is unlikely to have substantial
idle processor cycles.

Waldspurger [32] investigated resource management as pertains to memory allocations among virtual machines.
He identifies various ways in which memory use can be maximized, including reclaiming unused memory from some
machines and sharing memory among machines. However, all resource management is based on static rules and no
effort is made to learn or predict memory requirements.

Diao et al. [8] analyze how to set certain parameters of the Apache web server in order to keep CPU and memory
usage near a pre-set parameter. The authors make the assumption that there is an optimal setting for those parameters,
whereas we have shown that optimal resource usage is dependent on workload.

Gomez et al. [11] use neuroevolution learning methods to dynamically reallocate hardware resources for high
processor performance. Their learning is at an intra-chip level, intending to maximize the performance of an individual
processor, while our learning is on a system level and is intended to maximize the performance of the entire distributed
system.

5.3 Performance management of a datacenter

Norris et al. [19] address competition for resources in a datacenter by allowing individual tasks to rent resources from
other applications with excess resources. This frames the performance tuning problem as more of a competitive task;
we approach the problem as a co-operative task.

Mahabhashyam and Gautam [17] discuss the issue of providing Quality of Service (QoS) guarantees through
dynamic resource allocation. Their work is primarily geared toward situations where there are multiple classes of
requests, each with a separate QoS requirement. In contrast, we only consider one class of requests (all users are
equally important).

5.4 Other related work

Other prior work addresses performance-tuning with the intention of maintaining a fixed level of service, as opposed to
maximizing throughput. For example, Abdelzaher et al. [1] outline a system that maintains multiple complete content
trees, each with a different quality setting. As workload increases, quality can be decreased in order to satisfy the
maximum number of users. Rosu et al [24] discuss automatic hardware allocation in real-time systems by analyzing
resource requirements.

Cohen et al. [6] use a clustering approach to categorizing performance and related problems. Using similar low-
level statistics to us, they identify related problems, given a signature summarizing the current system status. This work
is primarily geared toward simplifying problem diagnosis and analysis, whereas our work works toward automatically
correcting the problem.

Additional work has also been done with offline analysis of a system. Aguilera et al. [2] works on discovering the
latency of individual nodes in a network. This work is done with no additional instrumentation to the system and is
designed to determine the causal paths through the network and analyze the total response time as to how much time
was spent in each node. Hellerstien et al. [13] analyzes the performance of a system over large spans of time with
statistical models, which could then determine online when unexpected changes occur. Brown et al. [4] analyzes the
dependency of each page in the TPC-W benchmark on each database table. While these approaches could be used as
a basis for online configuration, to the best of our knowledge such steps have not been taken.

6 Conclusion

The rapid development of reconfigurable servers indicates that they will become more commonly used. These servers
run large, distributed applications. To get the most out of the server, each application should receive only the hard-
ware resources necessary to run its current workload efficiently. We demonstrate that agents can tailor hardware for
workloads for a given application.

This work makes two main contributions. First, we introduce a method for automatic online reconfiguration of
a system’s hardware. This method shows significant improvement over a static allocation of resources. Although an
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agent is only trained for one specific domain, the method is general and is applicable to a large number of possible
situations.

Second, we present and implement a framework for testing reconfiguration agents online. While we present just
two agents, the framework is capable of handling any agent desired, from an omniscient agent to a simple heuristic
agent, to an advanced learning agent. Thus, it allows different agents to be compared to each other easily. Additionally,
as no instrumentation of the middleware is needed, individual components can be easily replaced (for example, using
MySQL instead of PostGreSQL), or the entire system could be changed (such as using an implementation of Sun’s
PetStore [21] web-based store simulation). Although the learner would need retraining, possibly with different base
configurations, the framework would not need any modifications.

Our ongoing research agenda includes further work with the learning agent to approach the optimal results, as well
as investigation on different workloads. We also want to learn how to predict the benefit of a reconfiguration, both on
our simulated reconfigurable machines and eventually on true reconfigurable hardware.
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