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Abstract

The growth of the World Wide Web (WWW or Web) and its increasing use in all types of business have created
bottlenecks that lead to high network and server overload and, eventually, high client latency. Web Caching has
become an important topic of research, in the hope that these problems can be addressed by appropriate caching
techniques. Conventional wisdom holds that strong cache consistency, with (almost) transactional consistency
guarantees, may neither be necessary for Web applications, nor suitable due to its high overhead. However, as
business transactions on the Web become more popular, strong consistency will be increasingly necessary. Con-
sequently, it is important to have a comprehensive understanding of the performance behavior of these protocols.
The existing studies, unfortunately, are ad hoc and the results cannot be compared across different studies. In
this paper we evaluate the performance of different categories of cache consistency algorithms using a standard
benchmark: TPC-W, which is the Web commerce benchmark. Our experiments show that we could still enforce
strong cache consistency without much overhead, and Invalidation, as an event-driven strong cache consistency
algorithm, is most suitable for online e-business. We also evaluate the optimum deployment of caches and find
that proxy-side cache has a 30-35% performance advantage over client-side cache with regard to system through-
put.
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1. Introduction

The growth of the World Wide Web (WWW or Web) and the parallel increase in business
activity over the Web have increased the load on resources. Most of the Web applications
rely on Web caching to reduce network and server loads and client latency. Generally
speaking, Web caching is a mechanism to store Web objects (such as HTML pages and
image files) at certain locations for convenient future access. However, caching of objects
at various points on the Web raises cache consistency as a prominent issue. If the orig-
inal object on server is changed while the end user keeps accessing an out-of-date copy
from its local cache, stale data would be accessed. On the other hand, the straightfor-
ward solution of directing every request to origin server totally discards Web caching and
has adverse performance effects. In the past decade, significant effort has been directed
at this problem and various caching architectures and cache consistency algorithms have
been developed. In this paper we compare several representative consistency algorithms
under the Web commerce environment and evaluate their performance using TPC-W [11],
the Web commerce benchmark. Based on our experimental results, we draw conclusions
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on the most suitable cache consistency mechanism for electronic commerce and the most
efficient place to deploy a cache system. We focus on one class of algorithms known as
strong Web caching consistency algorithms.

1.1. Problem specifics

Web caching addresses the issue of designing high performance Web sites for business
activities over the Internet. In the context of WWW, caches act as intermediate service
systems that intercept the end-users’ requests before they arrive at the remote server. If the
requested object is available in the cache, then it is returned to the user; otherwise the cache
manager forwards the request on behalf of the user to either another cache or to the origin
server. When the cache manager receives the object, it keeps a copy in its local storage
(i.e., cache) and forwards the object to the user. The copies kept in the cache are used for
subsequent user requests. Finding (not finding) copy in the local cache is referred to as a
cache hit (cache miss).

A Web cache may be used within a Web browser (client), within the network itself
(typically on proxy servers that might be located between a department and an enterprise
network, between an enterprise network and the Internet, or on a link out of a country), and
at servers. However, some classes of documents usually cannot be cached, such as scripts
and pay-per-view documents. Our research focuses on client caching (including proxies),
and, unless otherwise noted, references to cache and cache manager should be interpreted
as client cache and client cache manager.

Web caching has three main advantages [12]: reduced bandwidth consumption (fewer
user requests and server responses that need to go through the network), reduced server
load (some of user requests could be served locally), and reduced latency (because a re-
quested Web page is cached, it is available immediately, and it locates closer to the client
being served). Sometimes a fourth advantage is added: higher reliability, because some
objects may be retrievable from cache even when the original servers are not reachable.
Another positive side-effect of Web caching is the opportunity to analyze the usage pat-
terns of organizations [12].

A major issue with caching is stale data access, i.e., the potential of using an out-of-date
object stored in the cache instead of fetching the current object from the origin server. If
the cache manager serves a client with its cached object whose original copy has changed,
the client gets a stale copy. Always keeping the cached copies updated is possible if we
keep contacting the server to validate their freshness. However, this means more control
messages sent over the network, which consumes bandwidth and adds to server load, not to
mention that the client might experience longer response time (usually referred to as client
latency).

Therefore, the tradeoff is, either sacrifice document freshness for faster response time
and fewer control messages, or enforce the consistency of cached objects with their original
copies on the server by sending control messages, using other time-based mechanisms, or
making the origin server to take full responsibility. The first is known as weak cache
consistency, while the second is referred to as strong cache consistency. For every online
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application system, a decision has to be made whether to maintain weak or strong cache
consistency. In this paper, our focus is on strong cache consistency algorithms.

1.2.  Case for strong consistency

To some extent, the literature agrees that always keeping the cached copy consistent with
the original object means more latency observed by the client, and possibly more network
traffic. For this reason, many caching systems apply weak cache consistency, believing
that methods such as Time-To-Live (TTL) are sufficient and most appropriate for Web
caching [6].

For many Internet services, strong consistency is not required, although it may be de-
sired. One good example is online newspaper and journals, where servicing somewhat
outdated information may be tolerable. However, for many e-business applications, weak
cache consistency might not only be unsatisfactory and even annoying, sometimes it will be
completely unacceptable. In the following, we highlight some applications which require
strong cache consistency.

1.2.1. Online bookstore. Today, like many other businesses, bookstores are extended to
the Internet. Good examples of online bookstores include Amazon, Chapters, etc. Consider
a customer of one of these bookstores (could be an individual or business organization) who
wants to buy 3 copies of a book, and checks the available amount from Web page which
shows that there are 5 available copies. The customer might happily place the order and
go ahead with the purchase. If the available copy number is fetched from the local cache
instead of Web server, this number could be the available amount of several minutes or even
hours ago. In that case, if the book is popular, it is quite possible that at the time the user
checks its availability, the book has only 1 copy left or it is already out of stock. Therefore
the customer is prevented from completing the transaction, causing dissatisfaction and lost
business.

1.2.2. Stock quote. 1t is now possible to get stock quotes online via the services pro-
vided by online brokerage companies. Many people make buy/sell decisions based on the
information they receive from the Internet. If stock prices are not pushed, but pulled by a
user, and if there is a cache that services user requests from its cached copies, it is possible
that such information is out-of-date. Here the strict demand for such information is that
the information must always be updated. The result of such stale information because of
weak cache consistency could be serious.

1.2.3. Online auction. This is another good example where strong cache consistency
must be applied if Web caching mechanism is used. Each auctioned item comes with a
current bid, a closing time, and bid increments. Any registered customer can place a bid
before the closing time, but only those bids that are higher than the price at the time the
bids are places will be valid, otherwise they will be rejected. In this case, accessing stale
data that is provided by cache will result in failure of bidding on the item. Weak cache
consistency is completely intolerable in this case.
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1.3.  Paper scope, contributions, and organization

As discussed in previous sections, there are both desirable features and undesirable draw-
backs of applying either weak or strong cache consistency. Even though there are reported
performance studies on the various techniques, these are ad hoc and do not follow standard
evaluation methodologies. In this paper we evaluate various cache consistency algorithms
under electronic commerce environment because we believe that strong cache consistency
is a critical prerequisite for any successful online business model. TPC-W Benchmark is
used to generate workloads to mimic an online bookstore. In this paper, we first come up
with a two-dimensional classification of cache consistency algorithms, then focus on more
representative ones. These algorithms are: Time-To-Live, Invalidation, Polling-Every-
Time and Lease. For each algorithm, we deploy it both at client-side cache and proxy-side
cache and compare the performance results. We also implemented infinite caching mech-
anism, because we want to use it as our upper-bound performance reference of system
throughput and response time.

The paper is organized as follows. In Section 2, we review the fundamental cache con-
sistency techniques that are considered in this paper. The experimental setup, including a
description of TPC-W and the specifics of the setup used in this paper, are discussed in Sec-
tion 3. The experimental results are presented and discussed in Section 4. Our conclusions
and plans for future work are included in Section 5.

2. Cache consistency techniques

Any caching system, regardless of the caching architecture it deploys or how the objects
are cached, has to deal with a fundamental issue: the consistency between objects in cache
and their original copies. In order for caches to be useful, consistency must be enforced,
i.e., cached copies should be updated when the objects get changed on origin server. There
are many ways to maintain consistency, with different loss and gains, and many cache con-
sistency algorithms have been designed and implemented. Based on the role of the client
and the server in the cache consistency control processing, we could have three categories
of consistency algorithms: Client Validation, Server Invalidation, and Client/Server (C/S)
Interaction. In client validation approach, it is the client (or proxy) cache manager that
is responsible for verifying the validity/freshness of its cached objects. With server inval-
idation, caches always assume the freshness of the objects they cache, and whenever an
object is changed on a Web server, it is the server’s responsibility to notify all the caches
who cache that object to delete their stale copies. However, the way that the server invali-
dates stale copy could vary. In the C/S interaction category, the client and the server work
interactively to enforce consistency to certain level as required by application.

From another point of view, based on how strict the caches are kept consistent, algo-
rithms could be classified into two categories: strong cache consistency and weak cache
consistency. We have briefly discussed these two terms in Section 1. As defined in [2],
weak consistency is the model in which a stale copy of document might be returned to
the user, while in strong consistency model, the consistency between cached copies and
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Table 1. A classification of cache consistency algorithms

Client Validation Server Invalidation C/S Interaction
Strong Polling-every-time Invalidation Lease
Weak TTL, PCV PSI N/A

original ones is always enforced, and no stale copy of the modified document will ever be
returned to the user. We can see that validation/invalidation classification and weak/strong
taxonomy are orthogonal although overlapping.

Table 1 gives a two-dimensional classification of most publicly known cache consistency
algorithms. In the category of “C/S interaction-weak,” there are no current algorithms. We
discuss the strong consistency algorithms in more detail in this section, since these are the
foci or our work. We also describe a weak consistency algorithm (Time-To-Live), since it
is very commonly deployed and we use it for baseline comparison.

2.1. Time-To-Live

Under Time-To-Live (TTL) approach, each object (document, image file, etc.) is assigned
by origin server a time-to-live (TTL) value, which could be any value that is reasonable to
the object itself, or to the content provider. This value is an estimate of the cached object’s
lifetime, after which it is regarded as invalid. When the TTL expires, the next request for
the object will cause it to be requested from the origin server. A slight improvement to this
basic mechanism is that when a request for an expired object is sent to the cache, instead
of requesting file transfer from the server, the cache first sends an If-Modified-Since (IMS)
control message to the server to check whether a file transfer is necessary.

TTL-based strategies are simple to implement, by using the “expires” header field in
HTTP response or explicitly specifying it at object creation time. HTTP protocol ver-
sion 1.1 contains header keywords such as “expires” and “max-age” to notify the cache
manager how long the object could be deemed valid. However, a large number of HTTP
responses do not have any expiry information [10], which forces the cache manager to use
heuristics to determine the object lifetime.

The challenge in this approach lies in selecting an appropriate TTL value, which reflects
a tradeoff between object consistency on the one hand, and network bandwidth consump-
tion and client latency on the other. If the value is too small, after every short period of time
the cached copy will be considered stale. Therefore, many IMS messages will be sent to
origin server frequently for validity check, which results in extra network traffic (although
it might be trivial compared to the actual file transfer, if the file size is big) and server
overhead. By choosing a large TTL value, a cache will make fewer external requests to
origin server and can respond to user requests more quickly. Cached objects are retrieved
as updated versions although their original copies are already changed on the server, thus,
out-of-date document may be returned to the end-user. In [6], the authors initially use a
flat lifetime assumption for their simulation, which means that they assign all objects equal
TTL values. This is also called explicit TTL, which results in poor performance. This
has later been modified with the assignment of the TTL value based on the popularity of
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the file. This method is also mentioned in [2], where this improved approach is termed
adaptive TTL. Adaptive TTL takes advantage of the fact that file lifetime distribution is
not flat. If a file has not been modified for a long time, it tends to stay unchanged. This
heuristic estimation traces back to the Alex file system [3]. Gwertzman and Seltzer also
mention that globally popular files are the least likely to change. By using adaptive TTL,
the probability of stale documents is kept within reasonable bounds (<5%) [6].

TTL algorithm and its variations all enforce weak cache consistency, since it is possible
that the cache manager satisfies client requests with stale objects. Once an object is cached,
it can be used as the fresh version until its time-to-live value expires. The cache manager
assumes its validity during the TTL period. The origin server does not guarantee that the
server copy of an object will remain unchanged before the object’s TTL expires. In other
words, server is free to update the object even though its time-to-live value has not expired
yet, thus making it possible for user to get out-of-date objects. On the other hand, applying
TTL algorithm has the advantage that the origin server does not need to notify caches when
the objects are changed on server.

One important improvement of TTL is to modify it so that each communication with the
server updates the validity of the cached objects. Piggyback Client Validation (PCV) [7]
achieves this by attaching to each message to the server, a list of cached objects whose
original copies are on that server. These objects are not necessarily requested by end user
at the time, instead they are in the piggyback list because their TTL values have expired.
Therefore, the validity of these objects are checked in advance, which reduces the possible
stale hit ratio. Meanwhile, using a batch of validation messages could reduce the control
message overhead.

2.2.  Client Polling and Polling-every-time

Both Client Polling and Polling-every-time belong to the category of Client Validation
approach, i.e., client (either browser or proxy cache) is responsible for checking the validity
of cached objects. With client polling approach, the client (cache) periodically checks back
with the server to determine if cached objects are still valid. It is somewhat like adaptive
TTL, because under both cases the client sends out validation message from time to time to
check if the object is still valid. Alex FTP cache [3] uses an update threshold to determine
how frequently to poll the server. The update threshold is expressed as a percentage of the
object’s age. An object becomes invalid when the time since last validation exceeds the
product of update threshold and the object’s age [6]. For example, consider a cached file
whose age is 30 days and whose validity was checked one day ago. If the update threshold
is set to 10%, then the object should be marked as invalid after 3 days (10%-30 days). Since
the object was checked the day before, requests that occur during the next two days will
be satisfied locally, and there will be no communication with the server including control
messages. After the two days have elapsed, the file will be marked invalid, and the next
request for the file will cause the cache to retrieve a new copy of the file from the server.
Same as TTL, the trick here is how to decide the update threshold.
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Obviously, client polling cannot guarantee that the object stored in cache is fresh, be-
cause cache manager determines object validity by time-to-live value or certain heuristic
estimate, which might not be accurate at all. Therefore, client polling (some researchers
also call it periodic polling) is only a weak form of consistency control. By contrast,
polling-every-time enforces strong cache consistency by sending If-Modified-Since (IMS)
messages to origin server to confirm object validity whenever a user request arrives and
an object is present in cache. However, sending polling message upon each cache hit adds
too much traffic to the network which is not favorable at all. Meanwhile, it might incur
unnecessary delay in response, because when a cache hit occurs, even though the cached
object is still valid, the consistency algorithm still requires the cache manager to confirm
the object validity with origin server. Polling-every-time is generally ranked as an undesir-
able consistency mechanism, mainly because it does not take full advantage of Web cache.
Even though all the cached objects are fresh copies of original, the end user still has to
experience the validation delay.

2.3. Invalidation

The Invalidation algorithm frees client cache manager from the burden of sending IMS
messages. To ensure strong consistency, if an object A gets changed on the server, the
server must send out an invalidation message right away to all the caches that store a copy
of A. In this way, cache managers do not need to worry about object validity. As long as
an invalidation message is not received, the object is valid. Invalidation approach requires
the server to play a major role in the consistency control process over cached objects. This
might be a significant burden for the Web server, because it has to maintain state for each
object that has ever been accessed, as well as a list of the addresses of all the requestors.
Such a list is likely to grow very fast, especially for popular objects. The server has to
maintain at least a big storage space for keeping the lists. On the other hand, although an
object is stored in a cache whose address is kept on the server list, this object might be
evicted from the cache later on, because it is rarely if ever requested again, or the cache
manager needs free space for newly-arrived objects. Therefore, it does not make sense for
the server to keep the address of that cache on the list. Even worse, if the object is about
to be changed, the server has to send invalidation message to the caches whose addresses
are on the list, but they no longer keep the object, which adds unnecessary traffic to the
network.

Since invalidation approach tends to make sure that strong cache consistency is always
enforced, every invalidation message must be acknowledged. A server will not update an
object until it receives all the acknowledgement messages from the caches to whom it sent
invalidation notices. This is sometimes called delayed update [10]. However, this approach
faces availability problems, since the unreachability of one cache causes the server to keep
waiting. None of the caches will get updated version of the object, which results in stale
access by end user. Yu et al. argue that it is absolutely unnecessary to delay updates on Web
pages because if the need to update a page occurs, the page itself has changed semantically
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anyway, no matter whether or not the server updates it [15]. So the cached copy of the
page is out-of-date regardless of any update delay.

There are possible modifications that alleviate the problems of invalidation. For ex-
ample, invalidation messages can be multicast to reduce server burden. The basic idea,
as discussed in [10], is that a multicast group is assigned to each object. When a cache
manager requests a certain object, that cache is added to that object’s multicast group.
Therefore, there will be a list of cache addresses for each multicast group. Such lists are
stored in the multicast membership state maintained by routers. When an object update
takes place, the server just sends one invalidation message to the corresponding multicast
group, and then it is the router’s job to multicast the invalidation message to all the caches
that belong to the multicast group.

Providing strong consistency using invalidation is indeed very difficult given a large and
widely distributed system such as the Internet. The heterogeneous nature of the Internet
makes the time delay from server to proxy and from proxy to end user unpredictable. It is
also quite possible that a cache, once connected to the Internet and communicates smoothly
with other resources, crashes or disappears all of a sudden. The server’s operation is more
complicated if it sends out an invalidation message to such an unavailable client and keeps
waiting for acknowledgement from that client before updating Web pages.

A variation of sever invalidation is Piggyback Server Invalidation (PSI) [8], which sends
invalidation messages in batch compared to individual invalidation notification. As long as
strong consistency is not the major concern, this performs better than synchronous invali-
dation in a sense that it reduces the number of invalidation messages in the system.

2.4. Lease-based techniques

The concept of lease was introduced as early as 1989 by Gray and Cheriton, in their paper
addressing the cache consistency issue in a distributed file system [5]. Leases could also
be applied in Web caching to provide stronger cache consistency control while solving the
issues that seem insurmountable for the algorithms discussed in previous sections. The
basic idea is that when the origin server sends out an object in response to a client request,
it assigns a “lease” value to the object. The server promises not to update the object before
the lease expires. The cache then is ensured that as long as the lease has not expired,
the object is valid and any request for that object will be a positive hit. When the lease
expires, upon next request of the object, the cache manager will send IMS messages to
origin server, and the server either responds with the new version of the object, or, if the
object has not been changed yet, extends the lease and returns that to the client, and the
same rule applies.

Lease algorithm maintains strong cache consistency while keeping servers from indefi-
nitely waiting due to a client failure. If a server cannot contact a client, it delays updating
the object until the unreachable client’s lease expires, and from then on it becomes the
client’s responsibility to contact the server for validation. On the other hand, Lease algo-
rithm needs to be implemented both at client side and on the server. That is why we put it
into the “C/S interaction-Strong” category.
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As with TTL algorithm, the lease duration affects the efficiency of the algorithm itself. If
the lease value is shorter than the interval between two requests, every subsequent request
comes when the current lease has already expired. In this case lease becomes polling-
every-time, which is far from desirable. However, this does not mean that a longer lease
is better. Having a very long lease out there forces server to delay object updates until
that lease expires. To solve this problem, Yin et al. introduce volume lease in addition to
object lease that goes with each individual object [13,14]. In this approach, each volume
lease is assigned to a set of related objects on the same server. In order to use a cached
object, a client must hold the leases on both the object and the vulume it belongs to. The
cache manager cannot respond to a user request with cached object unless both the object
and volume lease on that object are valid. Server is free to update an object as soon as
either the volume or object lease on the object has expired. By making object leases long
and volume leases short, server can make object updates without long delays. Meanwhile,
long object leases prevent the cache manager from having to validate individual objects
frequently.

3. Experimental setup

In this section we describe the experimental setup that we use in our study. As indicated
earlier, we use TPC-W benchmark as our main tool. This both constrains our workloads
and the type of environments we consider. TPC-W is described in Section 3.1. We use
a pure Java implementation of TPC-W done by a team at the University of Wisconsin-
Madison. A second issue we discuss in this section is the particular system model that we
adopt based on TPC-W (Section 3.2). Finally, the system parameter settings are presented
in Section 3.3.

3.1. TPC-W benchmark

TPC-W is a transactional Web benchmark [11] that simulates the activities of a 24/7 online
bookstore. The benchmark measures both business-to-consumer (B2C) and business-to-
business (B2B) activities. It includes real world features such as security, shopping carts,
credit card validation, load balancing and Web page information from the database.

In order to model varying bookstore sizes, the benchmark permits database size of 1,000
to 10,000,000 book items in tenfold increments. The number of books is defined as the
scale factor of the benchmark, which is discussed in more detail in the following section.

The benchmark defines 14 Web interactions that normally occur in an online bookstore
Web site. The emulated browser (EB), as we will elaborate in Section 3.3, will go through
one or more of these interactions just like a normal customer would while visiting the
online store. For example, a customer can browse pages containing a list of new arrival
or best selling books, or search for a certain book item by title, subject or author name.
A product page will give the customer detailed information for the book along with a
picture of the book’s front cover. The customer may then place an order for books through
the order pages, including credit card verification. If the customer is new to the bookstore,
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Figure 1. An example of EB activities at TPC-W Web site (adapted from [11]).

the Web site will ask him/her to fill out a customer registration form, and the information
will be stored at database server. If the customer has visited before, the information will
be retrieved from database and filled in the order form automatically. Shopping cart is an
important component of online transaction processing, and the customer is free to add or
delete items from the cart. The customer is also able to review the status of previous orders
at any time. Each of the 14 Web interactions is represented as a set of Web pages on the
bookstore Web site. Figure 1 gives an example of how an EB might move through the
TPC-W Web site, and the interactions between the system under test (SUT), which is the
collection of servers that support TPC-W e-commerce interaction, and EB.

Obviously, the fourteen Web interactions impose different workloads on the Web server,
because each of them demonstrates a different kind of user operation, from read-only to
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updating database information. The variety enables the benchmark to test the performance
of different components in the SUT.

The users who come to visit the bookstore Web site might have different interests. Some
might be just browsing, searching for books and comparing prices. Others would have
already made up their minds and are ready to buy. The interactions they will go through
would be different too. In order to model different types of users, the benchmark de-
fines two categories of Web interactions: browsing and ordering. Browsing interactions
include displaying the home page, searching for an item, viewing product details, etc.,
while ordering interactions include the more resource intensive ones such as buying an
item, updating items in the shopping cart, displaying an order, etc. Based on the ratios of
these two categories, the benchmark measures the Web Interactions Per Second (WIPS) for
three different types of mixes, namely Shopping (WIPS), Browsing (WIPSb) and Ordering
(WIPSo). The Shopping mix (WIPS) models an 80%—20% ratio between the browsing
and ordering interactions and is intended to emulate a typical user’s shopping activity. The
Browsing mix (WIPSb) models a 95%—5% ratio and emulates “window shoppers” who
spend most of their time browsing the online store and seldom purchase anything. Con-
versely, the Ordering mix (WIPSo) has a 50%—-50% ratio for both categories and emulates
“power buyers” shopping at the online store. This mix attempts to mimic a B2B type of
workload.

More than 90% of all the Web interactions at the online store are dynamic in nature,
which means that the Web pages generated by the interactions are put together on the fly,
using dynamic data retrieved from multiple sources. Naturally, caching such data will be
difficult, and more detailed discussion can be found in the next section.

3.1.1. System architecture. TPC-W environment consists of a number of components:
the browser emulator, the system under test, and the payment gateway emulator. We de-
scribe these below.

3.1.1.1. Remote Browser Emulator. The Remote Browser Emulator (RBE) is the software
component that drives the TPC-W workloads. The purpose of the RBE is to drive the SUT
by simulating users using the site to examine and purchase books. Each simulated user is
called an emulated browser (EB). The RBE manages a collection of EBs. We follow the
notion in [11] that the term RBE includes the entire population of EBs that it manages.
Essentially, each EB sends out HTTP requests, as a Web browser would, and receives the
HTML response from the Web server. Based on the content received EBs randomly make
the next request, emulating the behavior of typical users.

By managing EBs, the RBE needs to make sure that for each user session that an EB
measures, a specific duration of user session is maintained. This is to ensure that EBs are
really emulating the browsing and/or shopping activities of a real Web user. This is called
User Session Minimum Duration (USMD). For each User Session, the EB generates a
USMD randomly selected from a negative exponential distribution. Like a normal Web
user, the EB can start a new user session right after it terminates one. This is controlled by
RBE, too.
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Figure 2. Model of the complete tested system (adapted from [11]).

3.1.1.2. System Under Test. The System Under Test (SUT) is the integrated part on which
we conduct performance evaluation. As displayed in Figure 2, this part consists of Web
server, application server, database server, as well as Web objects such as image files that
are stored on server file system. The network interface card, which is required to form the
physical TPC/IP connections, is also regarded as part of SUT.

3.1.1.3. Payment Gateway Emulator. 'The Payment Gateway Emulator (PGE) represents
an external system that authorizes payment of funds as part of purchasing transactions.
This part usually includes client message encryption, generating authorization code and
establishing secure socket layer (SSL) session for authorization security check, as well as
returned message decryption. Although this is a critical comnponent of real e-commerce
deployment, it is not critical to our study as long as the delay is properly modelled. That is
what is done in this study, assuming a positive acknowledgement from PGE.

3.1.2. Scaling requirements. The intent of the scaling requirements is to maintain the
ratio among the Web interaction load that is experienced by the SUT, the size of the tables
accessed by the interactions, the requirement space for storing related information, and the
number of EBs generating the transaction load. The throughput of the TPC-W benchmark
is driven by the activity of the EBs, each of which emulates exactly one user session at a
time. In order to increase throughput demand on the SUT, the number of EBs has to be in-
creased. Obviously, the configured EBs must remain active and generate Web interactions
throughout the entire measurement interval.

Besides the number of EBs, database size is another scaling factor that will affect
throughput. According to the benchmark specification, valid database sizes are 1,000,
10,000, 100,000, 1,000,000 and 10,000,000 book items. TPC-W results can only be com-
pared at the same scale factor level.

There are altogether 8 relations that are required by TPC-W: Customer, Country,
Address, Orders, Order_Line, Author, CC_Xacts and Item. The num-
ber of records in Ttem table is explicitly specified as one scale factor of the database,
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i.e., from 1,000 to 10,000,000, representing an online bookstore from very small size to
a significantly large one. For each of the emulated browsers, the database must maintain
2,880 customer records and associated order information, and the sizes of most tables are
determined by either the number of EBs or the number of customers.
The reported WIPS throughput is required to satisfy the following relationship:
number of EBs number of EBs
—_— <WIPS< ——
14 7
According to the specification, the intent of this requirement is to prevent throughput
that exceeds the maximum, where the maximum throughput is achieved with infinitely
fast Web interactions resulting in a null response time and minimum required think times.
In fact, from our experiments, we found that it is very difficult to get even close to the
upper bound, given the fact that we used a positive acknowledgement generator to emulate
the PGE. If a full-functioning PGE is in place, we believe the resulting WIPS will be
closer to the lower bound. However, some WIPS results in our experiments are below the
lower bound. The reason is that we added the delay at network transfer and application
server side. The limited processing capability of our application server makes the server
delay inevitable. The processing at cache side takes time, too, which affects WIPS as well.
Setting up the lower bound helps the tester to verify whether the SUT has been over-scaled.

3.2.  System model

We set up our model in accordance with TPC-W benchmark requirements. At the same
time, we add application server queuing manager component to the model to reflect ap-
plication server delay. Figure 3 is an overall picture of our system model. In this figure,
server-side components correspond to SUT while client-side components correspond to
RBE with the addition of a proxy server.

3.2.1. Client. According to the benchmark specification, the RBE acts as the driving
program for the benchmark workload. It creates multiple threads during runtime, which
simulate real Web users who browse the online bookstore Web site and place orders to buy
books. The user thinktime is calculated by the RBE. Individual EBs are not allowed to
communicate or share information directly with each other.

3.2.2. Proxy server. Proxy server is not mandatory for an e-commerce Web site, be-
cause Web interactions do not need to go through proxies. However, the proxy server
component is included in this study for the following reasons. First, most individual cus-
tomers access the Internet through ISPs, which act materially as proxies. Second, a RBE
acts exactly like a proxy server to all the EBs it manages. The inclusion of a proxy server
component gives RBE a physical location in the architecture. However, we did not im-
plement a full-fledged proxy server, rather the implementation is restricted to a proxy-side
cache together with RBE. The measurement interval of the benchmark is set and checked
by RBE as well. Once the measurement period is up, the RBE forces all currently-running
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Figure 3. Simulation system model.

emulated browsers to stop and produce statistics reports based on information gathered
during the measurement interval.

3.2.3. Database server. We use IBM DB2 Universal Database Version 7.2 (Enterprise
Edition) as the database server. We used the default installation configuration, but changed
one parameter, a DB2 variable called maxappls, which is the maximum number of active
applications allowed by DB2. The default value is 40, which we changed to 1000. Since we
are simulating the real world Web behavior, there can be a lot more than 40 concurrent users
and each user might try to connect to DB2 independently and simultaneously. When we
populated the database, we assumed that there are at most 100 concurrent users accessing
the online bookstore, and the bookstore sells 100,000 book items.

3.2.4. Web server. In this study Jakarta Tomcat 3.2.1 is used as the Web server. Al-
though it is not a fully functioning HTTP server, it is sufficiently powerful for this study,
partly because it supports servlets.

According to the nature of the Remote Browser Emulator, the main program creates
multiple threads, each of which simulates a real Web user who performs browsing or shop-
ping activities in an online bookstore. Upon each URL request that is generated by an
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emulated browser (EB), there is a servlet request to the Web server. A connection is set up
between the client and the Web server.

3.2.5. Application server. Application server is a critical part of an e-commerce Web
site. Generally speaking, it contains process flow and logic of the business. It also has
security mechanisms that prevents theft of private customer information by hackers. The
application server is also responsible for interacting with external system which authorizes
payment of funds as part of the purchasing transactions.

The Java implementation of the benchmark that is used does not have the application
server part. Instead, it contains a set of servlets that respond to Web user requests with cor-
responding information. To some extent, this could be regarded as application server, but
it does not model the response time delay and concurrent service capability of a real appli-
cation server. In order to simulate a real Web e-commerce environment, we implemented
the application server queuing model based on the proposal in [4]. It considers page size,
number of images in each page, whether or not SSL is used, and whether cache is applied
as four factors that determine server response time. The basis of the model creation is a
case study of ShopIBM Web site. We ran tests based on our modelled environment and
determined that the average response time of the application server should be 0.5 s. We
changed the application service capability and found that when we set the number of con-
current requests the application server could service to 41, the response time is most close
to 0.5 s. Therefore, we set the application server in our system model to be able to handle
41 concurrent user requests. All the upcoming requests from clients are first stored in a re-
quest queue and then serviced from there. We add time delay during the servlets execution
to simulate the application server response factor.

3.2.6. Network connection. We made a simplifying assumption that the client side
(proxy and individual Web browsers) and remote server are connected through a high-
speed network, i.e., we did not simulate the data transfer exactly the same as it would
occur in real world. Our simulation model is that for each data transfer, the network delay
time is decided by a randomly generated number between 1 and 3 s.

3.3.  System parameters

3.3.1. Hardware configuration. In our experiments, the server is a PC with Pentium
III 1 GHz CPU, 512 MB RAM and 80 GB hard disk. We install Tomcat Web server, all
servlets and image files for the bookstore, and application server on it. Client machine is
a PC with Pentium IIT 800 MHz CPU, 128 MB RAM and 30 GB hard disk. It is used
both as proxy server that runs RBE, and client machines because there are multiple em-
ulated browsers generated and managed by the RBE. Both the server and client are on a
department network with 100 MB data transfer speed. Both of them run on Windows 2000
operating system.

3.3.2. Database size (specified by TPC-W). As discussed earlier, database scaling is
defined by the size (number of rows) of the T tem table and the number of EBs configured
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for WIPS, i.e., it is defined by the size of the store and size of the supported customer
population. Our experiments use a database of 10,000 items. We did attempt to run the
experiments with larger databases, but this was not possible due to limitations of the imple-
mentation that was used and the overhead imposed by Windows 2000 in searching large
number of directories. According to the Java implementation of the benchmark, all the
image files for book items are stored in file system instead of database. For each book
item, it requires a regular image file of around 250 KB, and a thumbnail file of about 6 KB.
100,000 items require a file structure of 100 directories, each directory containing 2,000
files, and the total size of all the images is approximately 26 GB. We found that the time
delay at searching image files in the file structure is significantly long.

3.3.3. The number of EBs (specified by TPC-W). The higher the number of EBs, the
heavier is the workload that the Web server, the application server, and the network between
server and proxy will experience. If the benchmark runs with more than 40 EBs, the
capability of the application server will force some of the EBs to wait for some time before
their requests could be served. If client-side caching algorithms are applied, since all the
caches are implemented in main memory, the cache size for each EB is limited by the
number of EBs due to the 128MB maximum client RAM space. We change the number of
EBs at first to see the impact of user population on the system throughput under no-cache
and infinite-cache scenario. While comparing the performance of different consistency
algorithms, we fix the number of EBs to 100.

3.3.4. Web interaction mixes (specified by TPC-W). As indicated earlier the bench-
mark defines three distinct Web interaction mixes: browsing, shopping and ordering. Since
we are more interested in a Web commerce environment where database update happens
from time to time, we choose to focus on the ordering mix. In other words, no matter what
the system parameters are, half of the Web user URL requests are browsing related and
the other half are ordering related. The URL generation rules specified in the benchmark
specification is strictly followed.

3.3.5. Cache size. Except for the infinite cache, we specify the maximum cache capac-
ity in the program. This means that, when the benchmark has been running for a certain
period of time, the caches will become full and LRU-SIZE cache replacement algorithm is
used to remove the least recently accessed Web object(s) and make room for newly arrived
ones.

For client-side cache, we start with 100 KB, and increase in increments of 100 KB up to
a cache size of 800 KB. For proxy-side cache, since multiple EBs (simulated Web users)
will share one single cache residing on the proxy, we set its initial capacity to be 50 MB,
and increase it by 10 MB. The maximum cache size will be 100 MB (almost reaching the
memory limit). This maximum value can be increased by increasing the available RAM
on the testing machine.

3.3.6. Measurement interval. We started running the benchmark with an initial mea-
surement interval of 1 hour. Later on, in order to find the performance bottleneck for each
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algorithm (especially TTL), we increased the measurement interval by 1 hour each time.
The maximum time duration of benchmark running is 6 hours. For the proxy-side infinite
cache, a 3-hour benchmark running with 100 EBs (concurrent Web users) will increase the
cache size up to 100 MB.

4. Performance results

We are interested not only in the relative performance of caching algorithms, but the lo-
cation of the cache as well. For the same consistency algorithm, a browser cache will
have different performance impact on the system compared to a proxy cache or server side
cache. Conceptually, the contribution of server cache is limited due to its physical location,
i.e., it is only capable of caching contents on one single server. Because of this, we ignore
the possible deployment location of server cache in this research. Each of the examined
algorithms are implemented both in a browser cache and a proxy cache, and the results are
compared horizontally (per algorithm) and vertically (per location).

The performance tests that we conducted measure system performance with respect to a
number of metrics: Web interactions-per-second (WIPS), response time, hit ratio, and traf-
fic load. The first two of these are metrics specified by TPC-W, the latter two are those we
have added for a deeper understanding of the system behavior. We present the performance
results according to these metrics, which are defined in the appropriate sections.

For each set of experiments, we first get the boundary conditions, i.e., worst and best
cases. To test for boundary cases, we tested the system with no cache and with infinite
cache. The worst case is when there is no cache, which establishes the lower bound of the
performance. The best case is when the benchmark runs with proxy-side infinite cache. We
do not have infinite space to implement a real infinite cache, but as long as there is no cache
object removal during the entire Web transaction period, the cache could be regarded as
infinite. We did not implement client-side infinite cache because of the hardware limitation
of our experiments.

Infinite caching is not a consistency algorithm. It does not enforce any cache consistency
at all. All it does is to cache all the objects that EB ever requests. This will establish the
upper bound of cache hit ratio and WIPS throughput. Obviously, infinite caching may not
always give upper bound performance result. In some cases it might even perform worse
than a finite cache or a system without cache. This is because as the cache size grows,
it takes longer for the cache manager to search through the cache. If there are too many
cached objects, it might be faster to simply request the object directly from origin server.
There might be a certain cache size threshold for a specific Web environment. We do not
consider this issue further in this research.

4.1. WIPS — System throughput

The TPC-W benchmark measures the number of successful Web Interactions Per Second
(WIPS), given a particular workload and response time constraints. Each Web page is
usually made of several components (e.g., text, forms, images, etc.), which, when put
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Figure 4. System throughput versus client population (boundary conditions).

together, form the entire Web page in the browser. Each of these components are unique
objects and have to be retrieved separately from the Web server. A Web interaction is
defined as the complete transfer of a Web page, including all objects, from the Web server
to the user’s browser. Basically the WIPS value should be stable in a small range given a
fixed EB number, cache size and server response time, and it should increase with more
EBs. But we expect a boundary value where the WIPS becomes stable even when the
number of EBs increases dramatically.

As a starting point, we wanted to see the impact of client population on system through-
put under the best and worst cases. We changed the number of EBs while fixing all other
system parameters, and then ran the benchmark first without cache, then with infinite cache
at proxy side. Figure 4 illustrates the change of WIPS as a result of change in client popu-
lation.

With an infinite cache, regardless of client population, the system throughput is almost
twice as high as when there is no cache. For each setting, it seems that the WIPS increases
linearly as client population increases, but becomes stable as the number of clients reaches
100. This is due to the limited capacity of the system itself. According to the benchmark
specification, under the ideal system configuration, the WIPS number should reach ap-
proximately the number of EBs divided by 7. In other words, a benchmark running with
100 EBs on an extremely fast system should get about 14.3 WIPS. This is far more than
what was obtained in our experiments (for infinite cache with 100 EBs, our result is about
7.5 WIPS; without cache, WIPS is 3.99). The reason is that the ideal system configuration
assumes an extremely fast Web server, no delay at application server side, and no delay at
the network. This is not feasible in the real world. In fact, we simulated network delay by
following a random distribution of seconds between 1 and 3. We also added an applica-
tion server queuing manager to simulate the delay at application server side. The system
environment we set up for our experiment is realistic and comparable to real-world Web
behavior.

Locating the cache at either client side or proxy server side is expected to impact the
WIPS differently. Therefore, we implemented TTL, Invalidation (INV), Polling-every-
time (POL) and Lease algorithms on both proxy cache and browser cache. Figure 5 is the
throughput comparison of client-side deployment, and Figure 6 shows the result of proxy-
side deployment. As mentioned before, due to the main memory limitation, the client-side
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Figure 6.  'WIPS comparison of proxy-side algorithms (fixing 100 EBs).

cache size cannot exceed 1 MB. We started with 100 KB and increased it by 100 KB
till 800 KB. As expected, the system throughput increases as a result of client population
increase. Regardless of cache size, INV has similar throughput as Lease. When cache size
is small, TTL beats Lease, but as the size grows, Lease algorithm outperforms TTL, and
INV is always the best. The reason why Lease does not perform as well as INV is that
sometimes a lease expires before the objects actually get updated, which results in extra
validation delay. Expecting that a longer lease period might boost system throughput,
we experimented with different lease periods. The result is that a longer lease period
does improve system throughput, however, it is always lower than INV. This indicates the
advantage of event-driven algorithms over time-based ones in an online Web commerce
environment.

TTL, INV and Lease perform better than POL, although the difference is minor. One
interesting finding is that for client-cache size, 500 KB seems to be the optimum for the
system setup used in this study. As depicted in Figure 5, the WIPS decreases when cache
size gets larger than 500 KB. This is because at a certain point when there are considerably
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large number of objects in cache, the time delay due to cache search more than offsets
the time saved by serving object from cache instead of origin server. In the real-world
scenario, if the network connection speed is sufficiently fast, we do not recommend having
a browser cache of very large size unless the cache manager has a very efficient hash table
or other mechanism for object search.

From Figure 6 we could see that the increase of proxy-side cache size does not have
as dramatic an effect on WIPS as client-side cache does. TTL, Lease and INV still per-
form very close while outperforming POL. This further proves that a strong consistency
algorithm can do as well as a weak one. Notice that both TTL and Lease are time-based
algorithms, while INV is completely event driven. The increase of cache size will result
in higher cache hit rates for all algorithms, but for POL, it means more number of polling
messages sent to server, which increases network traffic. In a network environment where
connection speed is relatively slow, polling-every-time might perform even worse than
having no cache at all.

While running the above two sets of experiments, we fixed 100 emulated browsers as
the client population for the purpose of comparison. In the following experiments, un-
less explicitly specified, all results are obtained when the benchmark runs under the client
population of 100 EBs.

The vertical comparison of consistency algorithms, i.e., their WIPS results for client-
side and proxy-side cache, is illustrated in Figure 7. For comparison purposes, since the
cache size for each of the 100 EBs is 800 KB in the case of browser cache, we chose the
proxy-cache result when the cache size is 80 MB.

Obviously, with proxy-side cache, any of these consistency algorithms performs signif-
icantly better than with client-side cache. This is because proxy-side cache increases in-
formation sharing, which in turn increases system throughput. It is also likely that the lim-
itation of our hardware configuration limits client-side caching performance significantly.
Furthermore, for client-side cache, these algorithms do not have much difference with re-
gard to WIPS, but for proxy-side cache, TTL, INV and Lease have similar throughput,
and are all about 15% better than POL. The similarity of results at client-cache scenario is
mainly because of the cache replacement time delay due to limited cache size, which con-
stitutes a majority of factors that affect system throughput. For proxy-side cache, the cache
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Figure 7.  'WIPS comparison of consistency algorithms at different locations.
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size is bigger, therefore, the impact of polling messages is reflected more significantly in
the results.

4.2.  Response time

WIPS reflects the system capability of handling a large number of user requests. This
is a factor that most online e-business competitors are concerned with. Meanwhile, re-
sponse time, as another very important performance metric for e-business, affects directly
the degree of customer satisfaction as it reflects the client latency. The famous folkloric
8-second rule is a hard evidence. If a Web site takes more than 8 s to deliver a page, the
visitors are very likely to leave the site.

TPC-W defines the response time of each successful Web interaction as the period be-
tween the time when the first byte of the first HTTP request of the Web interaction is sent
by the EB to the SUT, to the time when the last byte of the last HTTP responses that com-
pletes the Web intereaction is received by the EB from the SUT. Within the framework
of this study, it is particularly important since it shows whether a cache consistency or
replacement algorithm is efficient enough to increase the response time at the minimum,
and whether the caching architecture would have adverse impact on the overall system
performance. !

In these experiments, the first objective is to see the comparison at boundary conditions.
Fixing client population of 100 EBs, the benchmark is run under different measurement
intervals, from 1 to 6 hours. The benchmark was run first without cache, and then with
proxy-side infinite cache. Figure 8 shows the results.

Without cache, the response time remains almost unchanged no matter how long the
measurement interval is. This is because whenever a user request is submitted, it has
to experience the network and application server delay. By contrast, with infinite cache,
the response time first drops, but then increases steadily although very little. Besides the
factor of randomly generated network delay (same for non-cache scenario), this change in
response time is mainly due to the time delay as a result of cache search. Again, having
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Figure 8. Response time under boundary conditions.
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a large size cache is not always desirable, unless efficient cache search algorithms are
implemented.

In order to find out the impact of client population on response time, as well as the cache
deployment mechanism, the benchmark was run with client-side cache consistency algo-
rithms, fixing cache size of each EB to be 500 KB. Figure 9 is the result of the experiments.
Then the same set of experiments were run with proxy-side consistency algorithms, fixing
proxy cache size to be 100 MB. The experiment results are displayed in Figure 10. Regard-
less of client population or cache location, INV performs a bit better than TTL and Lease
with respect to response time. This suggests that an event-driven consistency algorithm
might be more suitable for online e-business than time-based ones. On the other hand,
POL is event-driven, too (because validation message is sent out only when a cache hit
happens), but it results in the longest response time, and it becomes worse as the number
of EBs increases. This is because, as the client population increases, the objects stored in
proxy cache accumulate quickly and after a while it takes significantly longer to search an
object in the cache, and even if the object is found in cache, the cache manager still needs
to send out an IMS message to validate its freshness. Therefore, for that Web interaction,
end user will experience not only cache search delay, but network and application server
delay as well. Increased number of EBs result in longer queuing waiting time at application
server side.
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The results of vertical comparison of the algorithms with respect to response time are
depicted in Figure 11. POL is the least favorable algorithm regardless of cache location.
Similar to system throughput experiments, if the network transfer speed is slow, POL is
expected to perform even worse.

4.3. Hit ratio

Cache hit ratio is defined as the ratio of total number of bytes that all the EBs received
from caches to the total number of bytes all the EBs actually received, either from cache
or original server. The total number of bytes caches provide to end users is called saved
traffic, and it is calculated by recording the size and number of hits on each cached object.
A global count is kept in each cache to avoid miscalculation. This is mainly because when
a cached object is evicted from cache by LRU-SIZE algorithm, all the information of this
object is lost, such as its size and number of hits on the object.

Stale hit ratio is an important measurement factor for consistency control algorithms.
It is measured by calculating the portion of stale cache hits over the total number of hits.
For a fixed cache size, we want to find out whether this value gets bigger or smaller as
measurement interval increases.

Hit ratio is a performance metric for cache deployment. It does not make sense to mea-
sure the hit ratio if there is no cache at all. Therefore in the boundary case, the benchmark
is run only with proxy-side infinite cache. The measurement interval is first fixed at 1 hour,
the client population is varied from 10 to 200 concurrent EBs, and the benchmark is run
with a proxy cache that has 100 MB storage space. Up to 50 EBs there was no cache
replacement during the 1-hour execution. However, when there are more than 50 EBs, the
proxy cache soon fills up. We terminated the benchmark when cache manager realized that
there was not enough cache space for the next object, and analyzed the Web interactions
up to that moment. Figure 12 shows the cache hit ratio under different client populations.
The result shows that with 100 EBs, we could achieve hit ratio of about 43%. If the cache
space is big enough, this number is expected to be higher.

The measurement interval is then fixed to be 1 hour, the client population is varied,
and the benchmark is ran with different consistency algorithms first with client-side cache,
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then with proxy-side. Figure 13 shows the change of cache hit ratio under client-side
cache deployment, and Figure 14 gives the result of proxy-side deployment. The results
do not show much difference, because the cache hits include both valid and stale hits. We
analyzed the data and separated stale hits from valid ones, Figure 16 displays the results.

We extracted from the above experiment data those that correspond to a client population
of 100 EBs. The hit ratio in this population was compared under either client-side or proxy-
side cache deployment. Figure 15 illustrates the results. Still, INV outperforms all other
algorithms and achieves the highest cache hit ratio. Notice that for proxy-side cache, POL
has almost the same cache hit ratio as TTL, while both of them achieve a little less than
Lease algorithm does. The explanation is that we count both valid and stale hit as cache hit.
Therefore, even though the TTL value has expired and the cached pages are stale, cache
hit could still happen on these pages.

We are also interested in the stale hit ratio comparison under various consistency control
algorithms. Figure 16 shows the stale hit ratio while applying TTL and POL both at client
and proxy side. The stale hit ratio is not very high in each case, because an online bookstore
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is not a high-update application (compared to other transactional applications), therefore,
most objects remain valid for quite a while. Meanwhile, even if an object is updated, it
might not be requested at all. In other words, in the TPC-W scenario, cache hits do not
often happen on stale objects.

4.4.  Traffic

There are two types of traffic measurements in our experiments. The first is the total
number and size of control messages. For TTL algorithm, there will be IMS and server
acknowledgement messages. For invalidation and polling-every-time algorithms, there will
be only one-directional control messages. This partly affects network traffic. The other
type is the total size of all Web objects (HTML pages, images, etc.). This is the majority
of online traffic. We explore them separately in our experiments.

In order to measure the impact of consistency algorithms on network traffic, we analyzed
the control messages generated while running the benchmark. Since the size of the control
messages, either IMS or acknowledgement notice, is in the order of bytes, we just counted
the total number of messages for each algorithm. Figure 17 shows the total number of
control messages under each algorithm, both at client side and proxy side. We see that
POL generated a lot more control messages than other algorithms did. This creates extra
delay experienced by end user.

We also compared the total number of bytes of objects that users receive and the total
bytes of objects that are served by cache. For this experiment, the client population is
fixed as 100 emulated browsers, the measurement interval is 1 hour, and the cache is at
proxy-server side. Figure 18 gives the experiment results.

The same set of experiments were conducted with client-side cache. This time there is
no boundary case since we did not implement client-side infinite cache as discussed earlier.
Figure 19 gives the experiment results. There is not much difference on traffic savings for
these algorithms; thus, with respect to network traffic saving, these algorithms perform
similarly. Considering that INV and Lease provide strong consistency control, we would
recommend either Lease or Invalidation algorithm as the better choice.
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Figure 19. Traffic comparison under different client-side consistency algorithms.

We should point out that our experiment system is not in an isolated environment. In-
stead, it is part of the campus network whose data transfer speed is not stable from time
to time due to ad hoc network activities. During our experiments, the network sometimes
became extremely congested, which resulted in significantly lower system throughput and
much longer response time. It is not reasonable that we include such results in the perfor-
mance comparison and analysis. These outlier results are discarded in what is reported.

5. Conclusions

In this paper we study the performance characteristics of representative strong consistency
Web caching algorithms using the TPC-W benchmark. To our knowledge, this is the first
extensive performance study of these algorithms using an industry-standard methodology.
The experimentation environment allows reasonable comparison of results.

Our results indicate that proxy side caching improves system performance more than
client side caching and Invalidation algorithm performs best regardless of cache location.
Based on our results, Polling-every-time is the least favorable alternative; it has the longest
response time, producing the most message traffic. On the other hand, it is the easiest to
implement.
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The advantages of Invalidation algorithm over TTL and Polling-every-time are twofold.
First, Invalidation has the fewest control message transfer, shortest response time, similar
throughput as TTL while keeping cached objects fresh. Secondly, INV is event-based,
which is more suitable for online e-commerce. The reason is that most Web data are not set
to be changed at certain time; rather, Web objects get updated because of some event, e.g.,
client request. Event-based consistency control helps reduce unnecessary control messages
while enforcing strong consistency more efficiently.

As expected, the performance of proxy-side cache is significantly superior to that of
client-side cache. Having the cache shared by a group of users reduces redundant object
storage. It is also easier to maintain consistency between server and one (or few) proxy
caches rather than many browser caches. However, the hardware limitation of our experi-
mental platform affects the client-side cache performance. The results suggest that browser
cache is not as favorable as to proxy cache even when the storage space is not an issue.

Our results may not be optimum, partly because we chose the simplest and generally
accepted LRU algorithm as our cache replacement algorithm. We did make some en-
hancements to the basic LRU, but as Cao and Irani point out, there are many factors
that should be taken into consideration when designing cache replacement algorithm [1].
These factors include document download time delay, network travelling costs of differ-
ent Web objects, etc. It is not yet clear what the impact of the cache replacement al-
gorithm is on various caching algorithms. If the impact is uniform, then the relative re-
sults produced by our experiments are still valid. However, this is an issue for further
study.

There are a number of directions that we are currently pursuing. One is the evalua-
tion of various algorithms under a cooperative caching architecture. In our current ex-
periment settings, all the EBs are managed by one single RBE. For large scale organi-
zations who have thousands of end users possibly located at geographically separated
sites, the use of a single proxy cache by all users will certainly not achieve desirable
system performance. Running the benchmark under a cooperative caching architecture
with multiple RBEs, each of which manages a group of EBs should give interesting in-
sights.

Piggybacking, and thereby optimizing communication, is likely to produce savings.
Other studies on caching systems within database environments (e.g., [9]) have suggested
the advantages of this approach. It is likely that these advantages would hold in the case of
Web caching as well.
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Note

1. Certainly, WIPS can also measure these due to the well-known relationship between system throughput and
response time.
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