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Abstract

Online instructional applications, social networking sites,

these sites even rely on end users for code that generates con-
tent. Examples of such applications include social networking
platforms [8], web-based productivity software [9], online in-

Wiki-based web sites, and other emerging web applications that

structional applications [24], and Wiki-based web sites [7]. The

rely on end users for the generation of web content are increas-
ingly popular. However, these collaborative web applications
are still absent from the benchmark suites commonly used in the
evaluation of online systems. This paper argues that collabora-

popularity and vitality of these collaborative web applications
directly benefit from an ever-increasing pool of creative web
users. At the same time, due to the many contributions from in-
dependent end users, the behavior pattern of request processing

tive web applications are unlike traditional online benchmarks,

in these applications tends to be much less clustered or regular.

and therefore warrant a new class of benchmarks. Specifically,

Despite the surging importance of these applications and their

request behaviors in collaborative web applications are deter-
mined by contributions from end users, which leads to qualita-
tively more diverse server-side resource requirements and ex-

behavior uniqueness, they have been ignored in the benchmark-
ing of online web applications.
This paper makes the case for a new class of benchmarks

ecution patterns compared to traditional online benchmarks.

that reflect the unique properties of collaborative web appli-

Our arguments stem from an empirical examination of WeB-

cations. Our arguments stem from an empirical examination

WorK — a widely-used collaborative web application that al-
lows teachers to post math or physics problems for their stu-
dents to solve online. Compared to traditional online bench-
marks (like TPC-C, SPECweb, and RUBIS), WeBWorK requests

of WeBWorK [24], a real-world collaborative web applica-
tion. WeBWorK is a web-based homework checker that al-
lows teachers to post math or physics problems for their stu-
dents to solve online. In particular, teacher-supplied WeBWorK

are harder to cluster according to their resource consumption,

problems are interpreted by the application server as content-

and they follow less regular patterns. Further, we demonstrate
that the use of a WeBWorK-style benchmark would probably
have led to different results in some recent research studies con-
cerning request classification from event chains and type-based

generating scripts. The WeBWorK deployment at the Univer-
sity of Rochester is used by around 50,000 students from 80 or
so institutions worldwide. Our empirical examination is driven
by realistic problem sets (ranging from pre-calculus to differen-

resource usage prediction.

1 Introduction

Traditional web applications service requests from content
supplied by some central content generation sources (in the
form of static web pages or dynamic content produced by hosted
content generation code). Although some user requests may re-
sult in persistent state changes on the server side, such changes
often exert very small effects on system-level application execu-
tion behaviors. Due to the large dependence on central content
generation sources in these applications, the resource require-
ments and other characteristics for processing user requests are
typically well clustered into small numbers of groups [3,6, 15].

tial equations) and user requests extracted from three-year sys-
tem logs at the real site. We emphasize that the use of realistic
workload traces is particularly important in this study because
the user-supplied content may substantially affect the request
processing behavior pattern in WeBWorK.

As arepresentative collaborative web application, WeBWorK
provides a realistic basis to reevaluate past research findings de-
rived on traditional online benchmarks. In particular, this paper
reevaluates two recent contributions on the system-level man-
agement of online services: 1) Magpie-style online request clas-
sification which is based on canonical request event chains [3];
2) system resource usage prediction based on a linear request-
type model [19].

This paper makes two contributions.

Widely used online benchmarks such as TPC benchmarks
(e.g., TPC-C, TPC-H, TPC-W) [22], SPEC online benchmarks
(e.g., SPECweb, SPECjbb, SPECjAppServer) [16], and J2EE-
based multi-component benchmarks (e.g., RUBiS [13], Stock-
Online [21]) all reflect such request behavior patterns.

Recent years have witnessed an emerging class of web appli-
cations that rely on end users for their content. In some cases,

1. We present an empirical evaluation that exposes funda-
mental differences between a real-world collaborative web
application and traditional benchmarks commonly used to
evaluate web applications.

2. We demonstrate that the use of a collaborative web appli-
cation as an evaluation basis would probably have led to



different conclusions in some recent research studies.

This remainder of this paper is organized as follows: Sec-
tion 2 provides more background on WeBWorK and collabora-
tive web applications. Section 3 contrasts the request behavior
characteristics of WeBWorK against traditional online bench-
marks. Section 4 uses WeBWorK as an evaluation basis for two
recent research proposals, and finds that it may lead to different
conclusions compared to using traditional online benchmarks.
Section 5 describes related work and Section 6 concludes. We
also announce the release of our WeBWorK trace, dataset, and
deployment instructions at the end of this paper.

2 WeBWorK and Collaborative Web Applica-
tions

WeBWorK [24] supports two types of users. Teachers cre-
ate new problem sets to the online database. Students view
problems and submit solutions. Solution submission also trig-
gers online solution checking. In WeBWorK, the main con-
tent (problem sets and solution checkers) is generated collab-
oratively by a large number of teachers. In a three-year usage
log, we have observed more than 3,000 teacher-created problem
sets (which differ significantly from each other). The delivery
of different problem sets and corresponding solution checkers
may exhibit very different request processing behaviors at the
server system.

In addition to the differing teacher-created problem sets, a
single problem may also be delivered to multiple students in
different ways. More specifically, WeBWorK allows teachers
to create problems in the form of dynamic code (written in a

TEXT (beginproblem()) ;
$showPartialCorrectAnswers = 0;

$x=random(-20,20,1);
Sy=random (-20,20,1);
S$z=random(-20,20,1);

$Scoxl = non_zero_random(-5,5,1);
$coyl = non_zero_random(-5,5,1);
$cozl = non_zero_random(-5,5,1);
$cox2 = non_zero_random(-5,5,1);
Scoy2 = non_zero_random(-5,5,1);
$coz2 = non_zero_random(-5,5,1);
$cox3 = non_zero_random(-5,5,1);
$coy3 = non_zero_random(-5,5,1);
$coz3 = non_zero_random(-5,5,1);

Sl = $Scoxlx$x + $Scoyl*Sy + Scozlx$z;
$b2 = Scox2x$x + $Scoy2+Sy + $coz2x%$z;
$hb3 = Scox3xSx + Scoy3+Sy + $coz3x$z;
BEGIN_TEXT

Use Cramer’’s rule to find the value of \(z\) in the
solution of the following system:

\ [

\begin{array}{r}

Scoxl x ? {Scoyl} y ? {Scozl} z = $bl \\\\
Scox2 x ? {Scoy2} y ? {S$coz2} z = $b2 \\\\
Scox3 x ? {Scoy3} y ? {S$coz3} z = $b3 \\\\

\end{array}

\J

$BR

\ (z=\) \{ans_rule(25) \}
$BR

END_TEXT

$ans3 = $z;

ANS (num_cmnp ($ans3) ) ;

Figure 1: An example PG code segment — solving a system of linear
equations.

Perl variant called the Problem Generation (PG) Language).

by Google Docs [9] can spur server-side execution of user-

An example of PG code is given in Figure 1. Such code is

created calculations and graphs. Finally, the Second Life [14]

executed when a student accesses or submits a solution for a
homework problem. The power of dynamically producing ques-
tions and correcting answers offers a practical benefit to teach-
ers: the same core problem (e.g., integration or linear equation)

virtual world allows users to create virtual items with dynamic,
compute-intensive properties.

WeBWorK is structurally similar to many collaborative web
applications, but it is not representative of all. We use WeB-

can be presented with some randomized variations to minimize

WorK as a case study to advocate a new research agenda on

the chance of direct solution copying among students.
WeBWorK distinguishes between users that can create con-
tent (teachers) and those that can view content only (students).
Such dichotomies allow service providers to selectively revoke
content generation privileges, and are common among commer-
cial collaborative web applications. The Facebook Platform [8]
and Google Application Engine [2], for instance, require end
users to register as developers before they are allowed to gener-
ate content. Even Wiki-based applications, one of the original
domains that allow any user to create or modify content, are

benchmarking collaborative web applications. WeBWorK is
ideal for this purpose, because it is real and widely-used, and we
have made its workload traces publicly available [23]. There-
fore, our analysis is based on real usage patterns for an impor-
tant application, and our results can be reproduced for verifica-
tion.

3 Request Behavior Analysis

We examine WeBWorK’s request behavior characteristics

increasingly password protected.
WeBWorK users are allowed to provide dynamically exe-
cuting code for content generation. Other popular collabo-

rative web applications also allow end users to create scripts
that produce web content. For example, the Facebook Plat-

and contrast it with traditional online benchmarks. Here we
employ several widely used online benchmarks for the purpose
of comparison:

e TPC-C [22] simulates a population of terminal operators

form [8] invokes user-created scripts on remote machines and
provides a well-defined API for such applications to access pro-
prietary data. As another example, spreadsheet data processed

executing Order-Entry transactions against a database. Tt
contains five types of transactions: “new order”, “pay-

ment”, “order status”, “delivery”, and “stock level”, con-
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Figure 2: Probability density distribution of per-request CPU usage for three traditional online benchmarks. The probability density is normalized

to that under the even distribution. To avoid distortion due to rare outliers requests, we consider a viable range of request CPU usage from the

[-percentile request CPU usage to the 99-percentile request CPU usage for each benchmark (X-axis value range in each plot).

WeBWorK
25

20

Normalized probability density

O,«,M/WW/A\MA

RUBIS runs on the JBoss 3.2.3 application server with an em-
bedded Tomcat 5.0 servlet container. The server machine in our
experimental platform contains dual 2 GHz Intel Xeon proces-
sors and 2 GB memory. All deployed application/benchmarks
are CPU-bound. The server operating system is Linux 2.6.10
with an augmented request context maintenance and event trac-
ing framework [15]. This framework allows us to collect per-
request event traces for multi-component server applications.
In particular, we have collected per-request traces on CPU con-
text switch events, system call events, network and storage I/0
events. The CPU context switch event trace allows us to derive
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per-request CPU usage for each application/benchmark.
Figures 2 and 3 plot the probability density distribution of

Figure 3: Probability density distribution of per-request behavior for

per-request CPU usage for the three traditional online bench-

WeBWorK. Refer to the caption of Figure 2 for details on setup.

stituting 45%, 42%, 4%, 4%, and 4% of all requests, re-

marks and for WeBWorK respectively. The probability density
is normalized to that under the even distribution. A visual exam-
ination uncovers two important behavior differences between
WeBWorK and traditional online benchmarks:

spectively. We utilize a Tocal implementation of TPC-C
that may not follow all benchmark performance reporting
rules. This is sufficient for our purpose of application be-
havior characterization.

o Weaker clustering. Per-request CPU usage probability
density plots for traditional online benchmarks are strongly
dominated by sharp spikes (or request behavior tends to
form clusters). In contrast, WeBWorK exhibits much less

e We use an assortment of dynamic content requests in the

clustered per-request CPU usage.

SPECweb99 benchmark [16]. Following the benchmark
specification, we use a mix of 42% GET requests without
cookie, 42% GET requests with cookie, and 16% POST
requests.

o Less regularity. Request behaviors for traditional online
benchmarks sometimes exhibit regular patterns due to cer-
tain artificial effects of central content generation sources.
For instance, the repeating low spikes in the TPC-C plot






the actual mean






