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Figure 6: Comparison of an artificial neural network to our
cross-platform model. The median normalized error for pre-
dictions of average response time are reported. We trained the
ANN on several subsets of the training data. The reported val-
ues are from the training subset that yielded the lowest predic-
tion error for each application.

4.3.3 Comparison to Neural Net Model

Ipek et al. used an artificial neural network to pre-
dict performance across changes in platform parame-
ters [25]. Artificial neural networks can be automatically
calibrated without knowledge of the form of the func-
tional relationship between input parameters and output
variables. Also, they operate with categorical and con-
tinuous data. However, the limited amount of available
data for cross-platform management for real-world In-
ternet services presents a challenge for neural networks.
Neural networks require many observations of the input
parameters and output variables in order to learn the un-
derlying structure of the system. In contrast, our compo-
sition of trait models is based on our knowledge of the
underlying structure of Internet services.

We implemented an artificial neural network (ANN) as
described in [25]. We used 16 hidden states, a learning
rate 0.0001, a momentum value of 0.5, and we initial-
ized the weights uniformly. The output variable for the
ANN was the average response time. The training set for
the ANN consisted of observations on the PIII and PRES
platforms. The validation set consisted of observations
under new transaction mixes on the PRES and XEON
platforms.

Figure 6 shows the median prediction error of the
ANN compared to our model on the validation set. Our
model has comparable accuracy, within 0.02, under sit-
uations in which the ANN predicts only the effects of
workload changes. However, the ANN has up to 3X the
error of our model when predicting response time on the
unseen XEON platform. Observations on two platforms
are not enough for the ANN to learn the relationship be-
tween platform parameters and response time. These re-
sults suggest that our methodology, a composition of trait
models, may be better suited for cross-platform manage-
ment in data-constrained production environments.

5 Enhanced System Management

In this section, we use our model to improve cross-
platform management decisions for Internet services. In
general, such management decisions can have significant
consequences on the bottom line for service providers,
which completes our metaphor of creating a dollar from
15 cents. We explore two specific management problems
often encountered in real-word production environments.

• Platform Selection When building or augmenting a
server cluster, service providers wish to select plat-
forms that will maximize performance relative to a
cost. We look at the problem of choosing the hard-
ware platform that yields maximum response-time-
bounded throughput per watt. This problem is chal-
lenging because architectural features and config-
uration options that enhance performance also in-
crease power consumption. Of course, the problem
could also be solved by testing the application of
interest on each target processor configuration, but
such exhaustive testing is typically too expensive
and time consuming in real-world scenarios.

• Platform-Aware Load Balancing for Heterogeneous
Servers Service providers wish to extract maxi-
mum performance from their server infrastructure.
We show that naı̈vely distributing arriving requests
across all machines in a server cluster may yield
sub-optimal performance for certain request types.
Specifically, certain types of requests execute most
efficiently only under certain platform configura-
tions in the server cluster. Our cross-platform per-
formance predictions can identify the best platform
for each request type.

5.1 Platform Selection

Our metric for platform selection is throughput per
watt. We leverage our performance model of application-
level response time to predict the maximum request ar-
rival rate that does not violate a bound on aggregate
response time. Given an expected request mix, we it-
eratively query our model with increased aggregate ar-
rival rates. The response-time-bounded throughput is the
maximum arrival rate that does not exceed the response
time bound. The other half of our metric for platform
selection is power consumption, which we acquire from
processor spec sheets [6]. Admittedly, processor specs
are not the most accurate source for power consump-
tion data [17, 21], but they will suffice for the purpose of
demonstrating our model’s ability to guide management
decisions.

For this test, we compare our model against the other
cross-platform prediction methods commonly used in
practice. The competing models are not fundamentally
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Figure 7: Probability of incorrect decisions for model-driven
platform selection.

intended to model response time, so we apply our queue-
ing model to each. Specifically, the difference in results
in this section come from the different methods of ser-
vice time prediction presented in Section 4. We cali-
brate performance models on the PIII platform, and show
results for the RUBiS auction service. Table 7 com-
pares the measured throughput per watt to the predic-
tions of each method. The absolute value of the dif-
ference between the actual ranking and the predicted
ranking (i.e., |pred − act|), is never greater than 1 with
our method. Comparatively, the cycle-based and bench-
mark approach have mis-rankings of 5 and 3 respec-
tively. In practice, mis-rankings could cause service
providers to purchase an inefficient platform. One way
to measure the cost of such mis-predictions is to mea-
sure the net loss in throughput per watt between the mis-
predicted platform and the properly ranked platform, i.e.,
t pwpredicted rank k

t pwactual rank k
× 100%. The maximum loss is only 5%

for our method, but is 45% and 12% for the cycle-based
and benchmark methods, respectively.

Often in practice, platform selections are made from a
few properly priced platforms. We divided our platform
into subsets of five, and then predicted the best platform
in the subset. We report how often each performance
prediction method does NOT correctly identify the best,
the top two, and the top three platforms. Figure 7 shows
that our method selects the best processor configuration
for 230 of 252 (91%) combinations. More importantly,
alternative methods are 2X and 4X more likely to make
costly wrong decisions. For the problems of correctly
identifying the top two and top three platforms, our ap-
proach yields the correct decision for all but 25% of plat-
form subsets whereas our competitors are wrong more
than 41% and 60% of the time.

Processor Rankings
actual our cycle- bench-

method based mark

PD4 1 1 1 1

XEON 2H/2C/2P 2 2 6 2

XEON 2H/2C/1P 3 4 3 5

XEON 2H/1C/1P 4 3 4 3

XEON 2H/1C/2P 5 5 5 6

XEON 1H/1C/1P 6 7 7 7

PRES 7 6 2 4

XEON 1H/2C/1P 8 8 8 8

XEON 1H/1C/2P 9 9 9 9

XEON 1H/2C/2P 10 10 10 10

Table 7: Platform rankings of the response-time-bounded
throughput per watt on RUBiS. Response time bound was
150ms. Power consumption data was taken from [6]. Actual
response-time-bounded throughput was measured as a base-
line.

5.2 Platform-Aware Load Balancing

In this section, we first observe that the best proces-
sor for one request type may not be the best processor
for another. Second, we show that the techniques de-
scribed in Section 4 enable black-box ranking of pro-
cessors for each request type. Our techniques comple-
ment advanced type-based load distribution techniques,
like locality-aware request distribution, in heterogeneous
clusters and do not require intrusive instrumentation or
benchmarking. A mapping of request type to machine
can be made with the limited data available to consul-
tants.

Table 8 shows the expected and actual response time
for four request types that contribute significantly to the
overall response time of RUBiS. These types were cho-
sen because they are representative of different demands
for processor resources in RUBiS. The first type rep-
resents requests for static content. Since XEON and
PRES have similar clock rates there is not much dif-
ference between their processing power on this request
type. Search Items by Region has a large working set
and benefits from fewer L2 cache misses on XEON. View
Item has a small working set size that seems to fit mostly
within the larger L1 cache of XEON. Lookup user infor-
mation, however, has unique cache behavior. Its working
set is medium-sized consisting of user information, user
bid histories, and user items currently for sale. This re-
quest type seems to benefit more from the lower-latency
512KB cache of PRES, than it does from the larger 32KB
L1 cache of Xeon.

Table 8 also shows our ability to predict the best ma-
chine on a per-request-type basis. We achieve this by us-
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Response Time Per-type (ms)
PRES Dual-core Xeon

actual predict actual predict
Browse.html 53 49 48 47
Search Items by Reg. 423 411 314 354
View Item 102 110 89 92
Lookup User Info 80 75 132 109

Table 8: Expected response time of each request-type when is-
sued in isolation. Predictions are based on log file observations
from PIII. The dual-core Xeon is a single processor. Request
mix consisted of only requests of the tested type at a rate of ten
requests per second.

ing the techniques described in Section 4. In particular,
we calibrate the parameters of our business-logic traits
using only lightweight passive observations of a system
serving a realistic nonstationary workload. Then, we pre-
dict performance under a workload mix that consists of
only one type of request. This is done for each machine
and request type in the system.

6 Related Work

Our contributions in this paper span model-driven sys-
tem management, workload characterization, and perfor-
mance modeling. The general literature on these topics
is vast; this section briefly reviews certain related works.

6.1 Model-Driven Management

Networked services are now too complex for ad-hoc,
human-centric management. Performance predictions,
the by-product of performance models, offer a conve-
nient abstraction for principled, human-free manage-
ment. Our previous work [41] presented a whole-system
performance model capable of guiding the placement
and replication of interacting software components (e.g.,
web server, business-logic components, and database)
across a cluster. Shivam et al. [34, 37] model scientific
applications on a networked utility. Their model can be
used to guide the placement of compute and I/O-bound
tasks and the order in which workflows execute. Doyle
et al. provide a detailed model of file system caching
for standard web servers that is used to achieve resource
management objectives such as high service quality and
performance isolation [14]. Magpie [9] models the con-
trol flow of requests through distributed server systems,
automatically clustering requests with similar behavior
and detecting anomalous requests. Aguilera et al. [7]
perform bottleneck analysis under conditions typical of
real-world Internet services. Thereska and Ganger [42]
investigate real-world causes for inaccuracies in storage
system models and study their effect on management

policies. Finally, our most recent work proposed a model
of application-level performance that could predict the
effects of combining two or more applications onto the
same machine (i.e., consolidation).

The contribution of this work is a practical method
for performance prediction across platform and workload
parameters that can be used to guide cross-platform de-
cisions for real-world Internet services.

6.2 Workload Characterization

Internet services have certain innate resource demands
that span hardware platforms, underlying systems soft-
ware, and even the end-user input supplied to them. Pre-
vious work [32, 36] advocated separating the characteri-
zation of application-specific demands from the charac-
terization of underlying systems and high-level inputs.
Our trait models continue in this tradition by providing
parsimonious and easy-to-calibrate descriptions of an ap-
plication’s demand for hardware resources. We believe
trait models exist and can be derived for other types of
applications, such as databases and file systems.

Characterizations of application resource demand that
have functional forms similar to our trait models have
been observed in past research. Saavedra & Smith
model the execution time of scientific FORTRAN pro-
grams as a weighted linear combination of “abstract op-
erations” such as arithmetic and trigonometric opera-
tions [35]. Our request-mix models characterize much
higher level business-logic operations in a very different
class of applications. Another difference is that Saave-
dra & Smith calibrate their models using direct measure-
ments obtained through invasive application instrumen-
tation whereas we analyze lightweight passive observa-
tions to calibrate our models.

Chow considers the optimal design of memory hierar-
chies under the assumption of a power-law relationship
between cache size and miss rates [13]. Smith presents
very limited empirical evidence, based on a single in-
ternal Amdahl benchmark, that appears to be roughly
consistent with Chow’s assumption [38]. Thiebaut and
Hartstein et al. explore a special case of Chow’s assump-
tion from a theoretical standpoint [20, 43]. This prior
work is primarily concerned with the design of cache
hierarchies and typically employs traces of memory ac-
cesses. We compose a power-law model with request-
mix models and queuing models to predict the impact
on response times of both workload changes and archi-
tectural changes. Furthermore we employ only passive
observations of a running application to estimate power-
law parameters.

The growing commercial importance of Java-based
middleware and applications has attracted considerable
attention in the architecture community. Recent stud-
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ies investigate interactions between Java benchmarks and
architectural features including branch prediction, hy-
perthreading, and the CPU cache hierarchy [11, 24, 29].
One important difference between these investigations
and our work is that they focus on throughput whereas
we emphasize application-level response times. Also,
our work incorporates expert knowledge about Internet
services via a novel composition of trait models. We
demonstrated, in Section 4.3.3, that our composition im-
proves cross-platform performance prediction when only
limited production data is available.

6.3 Cross-Platform Performance Models

Chihaia & Gross report that simple analytic mem-
ory models accurately predict the execution times of sci-
entific codes across hardware architectures [12]. We
predict response times in business-logic servers across
platforms, and we too find that succinct models suf-
fice for our purposes. More sophisticated approaches
typically fall into one of two categories: Knowledge-
free machine learning techniques [23, 25, 30] and de-
tailed models based on deep knowledge of processor de-
sign [16, 28, 32].

Detailed knowledge-intensive models typically re-
quire more extensive calibration data than is available
to consultants in the practical scenarios that motivate
our work, e.g., data available only through simulated
program execution. Knowledge-free machine learning
methods, on the other hand, typically offer only limited
insight into application performance: The structure and
parameters of automatically-induced models are often
difficult to explain in terms that are meaningful to a hu-
man performance analyst or useful in an IT management
automation problem such as the type-aware load distri-
bution problem of section 5.2. Furthermore the accu-
racy of knowledge-free data-mining approaches to cross-
platform performance prediction has been a controversial
subject: See, e.g., Ein-Dor & Feldmesser for sweeping
claims of accuracy and generality [15] and Fullerton for
a failure to reproduce these results [18].

Our contribution is a principled composition of con-
cise and justifiable models that are easy to calibrate in
practice, accurate, and applicable to online management
as well as offline platform selection.

7 Conclusion

This paper describes a model-driven approach for
cross-platform management of real-world Internet ser-
vices. We have shown that by composing trait models—
parsimonious, easy-to-calibrate characterizations of one
aspect of a complex system—we can achieve accurate
cross-platform performance predictions. Our trait mod-

els themselves are typically accurate to within 10% and
our application-level performance predictions are typi-
cally accurate to within 15%. Our approach relies only
on lightweight passive observations of running produc-
tion systems for model calibration; source code access,
invasive instrumentation, and controlled benchmarking
are not required. Applied to the problem of selecting
a platform that offers maximal throughput per watt, our
approach correctly identifies the best platform 91% of
the time whereas alternative approaches choose a sub-
optimal platform 2x–4x more frequently. Finally, we
have shown that our model can improve load balancing in
a heterogeneous server cluster by assigning request types
to the most suitable platforms.

8 Acknowledgments

More people assisted in this work than we can ac-
knowledge in this section. Keir Fraser, our shepherd,
helped us polish the camera-ready version. The anony-
mous reviewers gave rigorous, insightful, and encourag-
ing feedback, which improved the camera-ready version.
Reviews from our friends Kim Keeton, Xiaoyun Zhu,
Zhikui Wang, Eric Anderson, Ricardo Bianchini, Nidhi
Aggarwal, and Timothy Wood helped us nail down the
contributions. Jaap Suermondt helped formalize an eval-
uation methodology for the decision problems in Sec-
tion 5. Eric Wu (HP) and Jim Roche (Univ. of Rochester)
maintained the clusters used in our experiments. Part of
this work was supported by the National Science Foun-
dation grants CNS-0615045 and CCF-0621472.

References

[1] Apache software foundation. http://www.apache.
org.

[2] Oprofile: A sytem profiler for linux. http://
oprofile.sourceforge.net/.

[3] Rice university bidding system. http://rubis.
objectweb.org/.

[4] Stock-online. http://objectweb.org/
stockonline.

[5] http://www.cs.rochester.edu/u/stewart/
models.html.

[6] x86 technical information. http://www.sandpile.
org.

[7] M. Aguilera, J. Mogul, J. Wiener, P. Reynolds, and
A. Muthitacharoen. Performance debugging for dis-
tributed systems of black boxes. In SOSP, 2003.

[8] A. Andrzejak, M. Arlitt, and J. A. Rolia. Bounding the
resource savings of utility computing models. Technical
report, HP Labs, Dec. 2002.

USENIX ’08: 2008 USENIX Annual Technical ConferenceUSENIX Association 211



[9] P. Barham, A. Donnelly, R. Isaacs, and R. Mortier. Using
magpie for request extraction and workload modeling. In
OSDI, Dec. 2004.

[10] G. Box and N. Draper. Empirical model-building and re-
sponse surfaces. Wiley, 1987.

[11] H. Cain, R. Rajwar, M. Marden, and M. Liphasti. An ar-
chitectural evaluation of java tpc-w. In HPCA, Dec. 2001.

[12] I. Chihaia and T. Gross. Effectiveness of simple mem-
ory models for performance prediction. In ISPASS, Mar.
2004.

[13] C. Chow. On optimization of storage hiearchy. In IBM J.
Res. Dev., May 1974.

[14] R. Doyle, J. Chase, O. Asad, W. Jin, and A. Vahdat.
Model-based resource provisioning in a web service util-
ity. In USENIX Symp. on Internet Tech. & Sys., Mar. 2003.

[15] P. Ein-Dor and J. Feldmesser. Attributes of the perfor-
mance of central processing units: A relative performance
prediction model. CACM, 30(4):308–317, Apr. 1987.

[16] S. Eyerman, L. Eeckhout, T. Karkhanis, and J. Smith. A
performance counter architecture for computing accurate
CPI components. In ASPLOS, Oct. 2006.

[17] X. Fan, W. Weber, and L. Barroso. Power provisioning
for a warehouse-sized computer. In ISCA, June 2007.

[18] G. D. Fullerton. An evaluation of the gains achieved by
using high-sped memory in support of the system pro-
cessing unit. CACM, 32(9):1121–1129, 1989.

[19] M. Goldstein, S. Morris, and G. Yen. Problems with fit-
ting to the power-law distribution. In The European Phys-
ical Journal B - Condensed Matter and Complex Systems,
June 2004.

[20] A. Hartstein, V. Srinivasan, T. Puzak, and P. Emma.
Cache miss behavior: is it sqrt(2)? In Conference on
Computing Frontiers, May 2006.

[21] T. Heath, A. Centeno, P. George, L. Ramos, Y. Jaluria,
and R. Bianchini. Mercury and freon: Temerature emu-
lation and management for server systems. In ASPLOS,
Oct. 2006.

[22] J. Hennessey and D. Patterson. Computer architecture:
A quantitative approach, fourth edition. In The Morgan
Kaufmann Series, 2007.

[23] K. Hoste, A. Phansalkar, L. Eeckhout, A. Georges,
L. John, and K. Bosschere. Performance prediction based
on inherent program similarity. In Int’l Conf. on Parallel
Architectures & Compilation Techniques, Sept. 2006.

[24] W. Huang, J. Liu, Z. Zhang, and M. Chang. Performance
characterization of Java applications on SMT processors.
In ISPASS, Mar. 2005.

[25] E. Ipek, S. McKee, B. Supinski, M. Schultz, and R. Caru-
ana. Efficiently exploring archtectural design spaces via
predictive modeling. In ASPLOS, Oct. 2006.

[26] R. Isaacs and P. Barham. Performance analysis in loosely-
coupled distributed systems. In Cabernet Radicals Work-
shop, Feb. 2002.

[27] R. Jain. The art of computer systems performance analy-
sis. In Wiley, 1991.

[28] T. Karkhanis and J. Smith. A first-order superscalar pro-
cessor model. In ISCA, June 2004.

[29] M. Karlsson, K. Moore, E. Hagersten, and D. Wood.
Memory system behavior of java-based middleware. In
HPCA, Feb. 2003.

[30] B. Lee and D. Brooks. Accurate and efficient regression
modeling for microarchitectural performance and power
prediction. In ASPLOS, Oct. 2006.

[31] X. Li, Z. Li, P. Zhou, Y. Zhou, S. Adve, and S. Ku-
mar. Performance-directed energy management for main
memory and disks. In ASPLOS, Oct. 2004.

[32] G. Marin and J. Mellor-Crummey. Cross-architecture per-
formance predictions for scientific applications using pa-
rameterized models. In SIGMETRICS, June 2004.

[33] M. Newman. Power laws pareto distributions and zipf’s
law. In Contemporary Physics, 2005.

[34] S. B. P. Shivam and J. Chase. Active and accelerated
learning of cost models for optimizing scientific applica-
tions. In VLDB, Sept. 2006.

[35] R. H. Saavedra and A. J. Smith. Analysis of bench-
mark characteristics and benchmark performance predic-
tion. ACM Trans. Comp. Sys., 14(4):344–384, Nov. 1996.

[36] M. Seltzer, D. Krinsky, K. Smith, and X. Zhang. The case
for application-specific benchmarking. June 1999.

[37] P. Shivam, A. Iamnitchi, A. Yumerefendi, and J. Chase.
Model-driven placement of compute tasks in a networked
utility. In ACM International Conference on Autonomic
Computing, June 2005.

[38] A. Smith. Cache memories. In ACM Computing Surveys.

[39] R. Stets, L. Barroso, and K. Gharachorloo. A de-
tailed comparison of two transaction processing work-
loads. In IEEE Workshop on Workload Characterization,
Nov. 2002.

[40] C. Stewart, T. Kelly, and A. Zhang. Exploiting nonsta-
tionarity for performance prediction. In EuroSys, Mar.
2007.

[41] C. Stewart and K. Shen. Performance modeling and sys-
tem management for multi-component online services. In
NSDI, May 2005.

[42] E. Thereska and G. Ganger. Ironmodel: Robust perfor-
mance models in the wild. In SIGMETRICS, June 2008.

[43] D. Thiebaut. On the fractal dimension of computer pro-
grams. In IEEE Trans. Comput., July 1989.

[44] B. Urgoankar, G. Pacifici, P. Shenoy, M. Spreitzer, and
A. Tantawi. An analytical model for multi-tier inter-
net services and its applications. In SIGMETRICS, June
2005.

USENIX ’08: 2008 USENIX Annual Technical Conference USENIX Association212




