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Figure 6: Type-based resource usage prediction over 50 five-minute intervals for RUBiS and WeBWorK. The dotted line in each plot indicates

the actual mean.

| Benchmark || R* accuracy |

| Benchmark || R* accuracy |

TPC-C 0.98
SPECweb 0.94
RUBIS 0.89
WeBWorK —0.24

RUBIiS

0.90

WeBWorkK

0.25

Table 1: Event chain-based request classification accuracy when the
evaluation is driven by different benchmarks.

clusters are formed. Results suggest that the request classifi-
cation is very accurate for the three traditional online bench-
marks (within which TPC-C was actually used in the Magpie
study [3]). In contrast, the WeBWorK-driven evaluation shows
very poor request classification accuracy. This result is not sur-
prising given our request behavior analysis in Section 3.

4.2 Type-based Resource Usage Prediction

Another recent work [19] analyzed real traces from pro-
duction web applications and uncovered an interesting phe-
nomenon: the relative frequencies of request types fluctuate
over short and long intervals. Such nonstationarity can be
used to calibrate models of application-level performance using
only logs of request arrivals and resource utilizations that are
routinely collected in production environments. One key sub-
model in this approach is a weighted linear characterization of
aggregate CPU utilization shown below:

U = Bo+ Y BN (1
J

where (3; represents the typical CPU demand of request type j
(Bo indicates the background CPU utilization not tied to specific
request processing), and N, is the number of requests of type j
occurring in a particular time interval (e.g., five minutes).
Using the trace-driven WeBWorK, we reevaluated the linear
request-type model to predict system resource utilization. We
consider three natural request types for WeBWorK: submitting
problems, viewing problems, and submitting solutions. Table 2
shows that the request-type model yields high prediction accu-
racy for RUBIS, as reported in the previous work [19]. How-
ever, the prediction accuracy for WeBWorK is much worse. Fig-
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Table 2: Type-based resource usage prediction accuracy when the
evaluation is driven by different benchmarks.

ure 6 graphically depicts the prediction accuracy over 50 five-
minute intervals for the two benchmarks, which clearly shows
the poor accuracy for WeBWorK. Again, this result is not sur-
prising given our request behavior analysis in Section 3.

5 Related Work

Previous benchmarks reflect the behavior patterns of tradi-
tional web workloads. RUBiS and RUBBoS [1] characterize
the workload of a dynamic-content auction site and bulletin
board, respectively. TPC benchmarks [22] reflect e-commerce
and database workloads, and the SPEC suite [16] characterizes
workloads for static content and multi-tier services. In compar-
ison, WeBWorK captures the unique and emerging workload of
a collaborative web application. Specifically, request execution
patterns in WeBWorK are qualitatively more diverse compared
to previous benchmarks, because they depend on the contribu-
tions of end users.

Recent studies have characterized other emerging web work-
loads. Nagpurkar et al. [12] investigate the instruction and
cache miss behavior of a Web 2.0 blog, a social bookmark-
ing site, and model-view-controller (MVC) PetStore. Lim et
al. [11] explore new architectural designs for datacenter servers
using interactive web mail and Mapreduce benchmarks. Cha et
al. [4] find that user-supplied content affects the popularity dis-
tributions of web objects in YouTube, another real-world collab-
orative web application. Our contribution is the characterization
of diversity in the server-side resource requirements and request
executions patterns of WeBWorK.

Finally, it is well known that Internet services—of all
varieties—are hard to manage. Stewart ef al. demonstrate server
consolidation [19], power-aware platform selection [18], and
capacity planning [20] for dynamic-content Internet services.
Chen et al. [5] demonstrate energy-aware server provisioning



for a connection-intensive services, like video streaming and
instant messaging. Barham er al. [3] demonstrate per-request
cost accounting and anomaly detection for services distributed
across a cluster. This paper shows that the workload of a col-
laborative web application is qualitatively unlike the workloads
used by previous studies, and may require different solutions.

6 Conclusion

In this paper, we empirically examined a real-world collabo-
rative web application — WeBWorK [23]. Our study finds that
WeBWorK requests exhibit much weaker request clustering,
less behavior regularity, and weaker inter-property correlation
compared to traditional online benchmarks. All these behavior
characteristics can be attributed to the independent content cre-
ation from large numbers of end users in emerging collaborative
web applications [7-9, 14]. Using WeBWorK, we reevaluated
some recent research findings (concerning event chain-based
request classification [3] and type-based resource usage pre-
diction [19]) and discovered that the use of a WeBWorK-style
benchmark would probably have led to different results. We ex-
pect that the importance of collaborative web applications will
rapidly rise given their surging popularity and vitality through
direct user creation. The goal of this work is to raise awareness
on the need for collaborative web application benchmarks, par-
ticularly for the purpose of evaluating computer system support
for online services [3, 6, 15, 18-20].

Availability Our WeBWorK setup, including the request trace
and dataset from the University of Rochester, is publicly avail-
able [23]. We hope other researchers will use WeBWorK to
evaluate their research proposals on a collaborative web appli-
cation workload.
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