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Abstract
Models of system behavior are useful for prediction,
diagnosis, and optimization in self-managing systems.
Statistical learning approaches have an important role
in part because they can infer system models automat-
ically from instrumentation data collected as the sys-
tem operates. Work in this domain often takes a “given
the right data, we learn the right model” approach, and
leaves the issue of acquiring the “right data” unad-
dressed. This gap is problematic for two reasons: (i) the
accuracy of the models depends on adequate coverage
of the system operating range in the observations; and
(ii) it may take a long time to obtain adequate coverage
with passive observations. This paper describes our ap-
proach to bridging this gap in the NIMO system, which
incorporates active learning of performance models in
a self-managing computing utility.

1 Introduction
Statistical learning techniques (SLT) have potential to
simplify a variety of system management tasks. Sev-
eral recent systems have used SLT to infer quantitative
models of application performance to enable effective
resource allocation for repeated workloads. For exam-
ple, [3] exposes potential causes of degraded transac-
tion response time by identifying system-level metrics
correlated with response time. In databases, [8] uses
SLT to cost query-execution plans, enabling a query
optimizer to adapt automatically to changes in work-
loads and system environments. NIMO [6] learns mod-
els to predict performance of frequently used applica-
tions (initially batch compute tasks) on heterogeneous
compute and storage resources.

The general approach taken in these systems and
many other related works is to transform the specific
system-management problem to a problem of learn-
ing a statistical model that fits a set of m sample data
points collected as the system operates. Each sample
xi (1 ≤ i ≤ m) is a point in a high-dimensional space
with n dimensions (attributes) X1, X2, . . . , Xn. For ex-
ample, a sample s in NIMO represents a complete run
of a task graph G on a set ~R of resources assigned to
run G; s has the general form 〈ρ1, ρ2, . . . , ρk, t〉, where
each ρi is a hardware attribute of ~R (e.g., CPU speed or
disk seek time), and t is the completion time of G on ~R.

Given the set of m samples x1, . . . , xm, an appro-
priate model can be fitted to the data. For example,

NIMO learns multi-variate regression models that can
predict the completion time t from the hardware at-
tributes 〈ρ1, ρ2, . . . , ρk〉 of the resources assigned to run
G. Some challenges arise in this setting:

• Limitations of passive sampling. Samples col-
lected only by passive observations of system be-
havior may not be representative of the full system
operating range—e.g., system behavior on a flash
crowd may never be observed—limiting the accu-
racy of models learned from such samples.

• Cost of sample acquisition. Acquiring a sample
may have a nonnegligible cost. For example, a
sample 〈ρ1, ρ2, . . . , ρk, t〉 in NIMO “costs” time
t to acquire. High costs—e.g., for long-running
batch tasks—limit the rate at which samples can
be acquired for learning.1

• Curse of dimensionality. As the dimensionality (n)
of the samples increases, the number (m) of sam-
ples needed to maintain the accuracy of the learned
model can increase exponentially.

In NIMO, we seek to address these challenges
through an active sampling of candidate resource as-
signments chosen to accelerate convergence to an ac-
curate model.

Active (or proactive) sampling acquires samples of
system behavior by planning experiments that perturb
the target system to expose the relevant range of behav-
ior for each application G. In NIMO, each experiment
deploys G on a sample candidate assignment ~R, either
to serve a real request, or proactively to use idle or dedi-
cated resources (a “workbench”) to refine the model for
G.

Active sampling with acceleration seeks to reduce the
time before a reasonably accurate model is available, as
depicted in Figure 1. The x-axis shows the progress of
time for collecting samples and learning models, and
the y-axis shows the accuracy of the best model learned
so far. While passive sampling may never collect a fully
representative set of samples, active sampling without
acceleration may take longer to converge to accurate
models.

This paper outlines NIMO’s approach to active sam-
pling for accelerated learning.

1Acquiring samples corresponding to a mere 1% of a 10-
dimensional space with 10 distinct values per dimension and average
sample-acquisition time of 5 minutes, takes around 951 years!
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Figure 1: Active and accelerated learning

2 Overview of NIMO

The NIMO (NonInvasive Modeling for Optimization)
system generates effective resource assignments for
batch workflows running on networked utilities. Fig-
ure 2 shows NIMO’s overall architecture consisting of:
(i) a workbench for doing experiments and collecting
samples; (ii) a modeling engine composed of a resource
profiler and an application profiler that drives sample
collection to learn performance models for batch work-
flows; and (iii) a scheduler that uses learned perfor-
mance models to find good resource assignments for
batch workflows. NIMO is active: it deploys and mon-
itors applications on heterogeneous resource assign-
ments so that it can collect sufficient training data to
learn accurate models. NIMO is also noninvasive: it
gathers the training data from passive instrumentation
streams, with no changes to operating systems or appli-
cation software.

A batch workflow G input to NIMO consists of one
or more batch tasks linked in a directed acyclic graph
representing task precedence and data flow (e.g., [1]).
In this paper, we speak of G as an individual task,
although the approach generalizes to build models of
workflows composed of multiple tasks. NIMO builds a
performance model M(G, ~R) that can predict G’s com-
pletion time on a resource assignment ~R comprising the
hardware resources (e.g., compute, network, and stor-
age) assigned simultaneously to run G. Note that ac-
curate prediction of completion time is a prerequisite
for many current provisioning and scheduling systems,
e.g., [2].

NIMO models the execution of a task G on a resource
assignment ~R as a multi-stage system where each stage
corresponds to a resource Ri ∈ ~R. We characterize the
work done by G in the ith stage as G’s “occupancy” oi

of Ri defined as the average time spent by G on Ri per
unit of data. Intuitively, oi captures the average delay
incurred on Ri by each unit of data flow in the multi-
stage system. For a known volume of data flow D, G’s
completion time t is given as D ×

∑i=n

i=1
oi for an n-

stage system. G’s application profile captures the ap-
plication behavior resulting from G’s interaction with
its resources ~R, whose properties are characterized by
~R’s resource profile.

Figure 2: Architecture of NIMO

Resource Profile. The resource profile ~ρ is a vector of
hardware attributes 〈ρ1, ρ2, . . . , ρk〉 of ~R that are mea-
surable independently of any application. For example,
the resource profile of a compute resource may contain
the processor speed and memory latency as attributes.
NIMO generates resource profiles by running standard
benchmark suites on the resources.
Application Profile. G’s application profile is a vec-
tor of predictors 〈f1(~ρ), f2(~ρ), . . . fn(~ρ)〉 where fi(~ρ)

predicts G’s occupancy oi of resource Ri ∈ ~R as
a function of the resource profile ~ρ of assignment ~R,
oi = fi(~ρ). Section 3 explains how NIMO builds each
predictor automatically through active and accelerated
learning.

3 Active Learning of Predictors
NIMO’s application profiler uses active sampling for
accelerated learning of predictors comprising a task
G’s application profile. The application profiler uses
a workbench consisting of heterogeneous compute and
storage resources and a network link emulator (nist-
net). Learning a predictor fi(~ρ) from training data
is nontrivial because of several reasons: (i) the curse
of dimensionality—resource profile ~ρ = 〈ρ1, . . . , ρk〉
may contain many attributes; (ii) the training data
must expose the full system operating range; and
(iii) the high cost of data acquisition—collecting a sam-
ple 〈ρ1, . . . , ρk, o1, . . . , on〉, where 〈o1, . . . , on〉 repre-
sents G’s occupancies on assignment ~R with profile
〈ρ1, . . . , ρk〉, involves running G to completion on ~R.
(Recall that fi predicts oi as a function of a subset of
attributes in ρ1, . . . , ρk.)

Algorithm 1 summarizes the main steps to learn the
predictors. (Details of these steps are discussed in Sec-
tions 3.1–3.5.) The algorithm consists of an initializa-
tion step and a loop that continuously refines predictor
accuracy. It acquires new samples by deploying and
monitoring G on selected resource assignments instan-
tiated in the workbench.
3.1 Sequence of Exploring Predictors

In each iteration of Algorithm 1, Step 2.1 picks a spe-
cific predictor to refine. NIMO chooses the predic-
tor whose refinement contributes the maximum to the



Algorithm 1: Active and accelerated learning of pre-
dictors f1(ρ1, . . . , ρk), · · · , fn(ρ1, . . . , ρk) for task
G

1) Initialize: f1 = f2 = . . . fn = 1;
2) Design the next experiment: (Sections 3.1–3.3)

2.1 Select a predictor for refinement, denoted f ;
2.2 Should an attribute from ρ1, . . . , ρk be

added to the set of attributes already used in
f? If yes, then pick the attribute to be added;

2.3 Select new assignment(s) to refine f using
the set of attributes from Step 2.2;

3) Conduct chosen experiment: (Section 3.4)
3.1 In the workbench run G on the

assignment(s) picked in Step 2.3;
3.2 After each run, generate the corresponding

sample 〈ρ1, . . . , ρk, o1, . . . , on〉, where
o1, . . . , on are the observed occupancies;

3.3 Refine f based on the new sample set;

4) Compute current accuracy:(Section 3.5)
Compute the current accuracy of each predictor.
If the overall accuracy of predicting completion
time is above a threshold, and a minimum number
of samples have been collected, then stop, else go
to Step 2;

model’s overall accuracy. We are exploring both static
and dynamic schemes for guiding the choice of predic-
tors.

• Static scheme: In a static scheme, NIMO first de-
cides the order in which to refine the predictors,
and then defines the traversal plan for choosing
the predictor to refine in each iteration.

Order: NIMO obtains the refinement order ei-
ther from a domain expert, or from a relevance-
based design (e.g., Plackett-Burman [7]). The
relevance-based techniques determine the rele-
vance of independent variables (predictors) on a
dependent variable (completion time).
Traversal: NIMO uses two traversal techniques:
(i) round-robin, where it picks the predictor for re-
finement in a round-robin fashion from the given
total order; and (ii) improvement-based, where
NIMO traverses the predictors sequentially in or-
der, and refines each predictor until the improve-
ment in accuracy for that predictor drops below a
threshold. Section 3.5 explains how NIMO obtains
the current accuracy of a predictor.

• Dynamic scheme: In a dynamic scheme, NIMO
does not use any predefined order for refining the
predictors. In each iteration, it picks the predictor
with the maximum current prediction error.
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Figure 3: Techniques for selecting new sample assign-
ments (PB = Plackett-Burman [7])

3.2 Adding New Attributes to Predictors

Step 2.2 of Algorithm 1 decides when to add a new at-
tribute in ~ρ to a predictor f(~ρ), and if so, which of the
k attributes to add. As in Section 3.1, NIMO’s twofold
strategy is to first define a total order over the ρ1, . . . , ρk

attributes, and then to define a traversal plan based on
this order to select attributes for inclusion in f(~ρ).

NIMO obtains the total ordering of attributes as de-
scribed in Section 3.1. Once NIMO decides the order in
which to add attributes, it considers two approaches for
deciding when to add the next attribute:

1. Add the next attribute when the marginal improve-
ment in a predictor’s accuracy (with the current set
of attributes) per new added sample drops below a
predetermined threshold.

2. At each point of time, maintain two competing at-
tribute sets for each predictor. When the accuracy
of one candidate dominates the other, add the next
attribute (in the order) to the losing attribute set.

3.3 Selecting New Sample Assignment(s)

Step 2.3 of Algorithm 1 chooses new assignments to
run task G and collect new samples for learning. For
each new assignment ~R we need to choose the values
for each attribute ρi in ~R’s resource profile, while ac-
counting for:

1. The coverage of the operating range of each at-
tribute to improve accuracy over a wider range of
attribute values. For example, limited variation
of CPU speeds and network latencies may fail to
expose latency-hiding behavior due to prefetching
[6].

2. The important interactions among attributes. For
example, changing CPU speed or network latency
affects the occupancy of the storage resource [6].

Figure 3 shows some of sample selection techniques in
terms of their general performance and tradeoff on the
two metrics above. We use an Lα-Iβ naming format,
where (i) α represents the number of significant distinct
values, or levels, in the attribute’s operating range cov-
ered by the technique, and (ii) β represents the largest



degree of interactions among attributes captured by the
technique.

• Lmax-I1: This technique systematically explores
all levels of a newly-added attribute using a binary-
search-like approach. However, it assumes that the
effects of attributes are independent of each other,
so it chooses values for attributes independently.

• L2-I2: The classic Plackett-Burman design with
foldover technique [7] captures two levels (low and
high) per attribute and up to pair-wise interactions
among attributes. This technique is an example of
the common approach of fractional factorial de-
sign.

3.4 Performing the Selected Experiment

In Step 3 of Algorithm 1, NIMO instantiates the assign-
ment selected in Step 2.3 in the workbench and runs the
task. The noninvasive instrumentation data collected
from the run and its analysis to derive occupancy mea-
sures is described in [6].
3.5 Evaluating Accuracy

NIMO uses two techniques for computing the current
prediction error of a predictor.

• Cross-Validation: We use leave-one-out cross-
validation to estimate the current accuracy of each
predictor. For each sample s of the m samples,
we learn predictor fi using all samples other than
s. The learned predictors are used to predict occu-
pancies for s, and the prediction accuracy is noted.
The individual accuracy of each predictor and the
overall prediction accuracy are averaged over the
m samples.

• Fixed test set: We designate a small subset of re-
source assignments in the workbench as a test set,
e.g., a random subset of the possible assignments
in the workbench. The current prediction error of
f(~ρ) is computed as the average of f(~ρ)’s percent-
age error in predicting occupancy on each assign-
ment in the test set. Note that the samples collected
from the test set are never used as training samples
for f(~ρ).

4 Discussion

4.1 Curse of Dimensionality

The exploration strategies discussed in Sections 3.1
and 3.2 help NIMO cope with the curse of dimen-
sionality by considering predictors and attributes it-
eratively. For example, the relevance-based ordering
guides NIMO to include only the predictors and at-
tributes that are most relevant to the model’s overall
accuracy. For a batch task NIMO may quickly iden-
tify that it is compute-intensive for the range of attribute
values of interest, and guide sample acquisition to refine
the predictor for the compute resource only.

4.2 Vertical Vs. Horizontal Compression

Algorithm 1 attempts to reduce the overall learning time
by acquiring only the relevant samples. We term this
methodology vertical compression since it reduces the
total data points in the training set table. An alterna-
tive is to reduce the run time for a task G to acquire
a sample. For example, if G has very periodic behav-
ior, then we can learn G’s occupancies on a resource
assignment based on a few of G’s initial periods. (Re-
call that occupancies are averages per unit of data flow.)
This methodology, termed horizontal compression, can
be applied in conjunction with vertical compression to
further reduce the overall learning time.
4.3 Workbench

The configuration of the workbench where NIMO con-
ducts experiments poses some interesting questions:

• Does the workbench replicate actual resources
from the target system or emulate them? While
replicating actual resources leads to accurate em-
pirical data, it may restrict the range of resource as-
signments. One alternative is to emulate a variety
of hardware resources over real hardware through
virtualization.

• Should the system learn from production runs in-
stead of (or in addition to) runs on a separate work-
bench? For example, NIMO can harness under-
utilized resources in the utility, or NIMO’s sched-
uler can perform online experiments through con-
trolled resource assignments to production runs of
tasks. However, having a workbench as a separate
entity allows NIMO to circumvent the traditional
exploitation versus exploration tradeoff by allow-
ing both to occur in parallel.

4.4 Extended Iterative Learning

When NIMO’s scheduler actually uses a task G’s per-
formance model learned on the workbench, it may dis-
cover significant prediction errors for some resource as-
signment ~R. Such errors may arise because Algorithm
1 failed to capture (i) the effect of a resource attribute,
(ii) an interaction among attributes, or (iii) the correct
operating range of an attribute. This scenario is similar
to one where Step 4 of Algorithm 1 detects low pre-
diction accuracy on an assignment. In such an event,
NIMO can bring G back to the workbench and update
G’s predictors by continuing Algorithm 1 where it left
off at Step 4, with ~R now included in the set of samples.

5 Preliminary Experimental Results
We are currently exploring accelerated learning using
active sampling for several production batch tasks. We
provide preliminary results for one such task, fMRI,
a statistical parametric application used in biomedical
imaging. We consider the execution of this task on three
resources—a compute node, network, and a storage ar-
ray, corresponding to learning compute, network, and
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Figure 4: This graph compares round-robin active sam-
pling strategy to an improvement-based active sampling
strategy to learn predictors for fMRI. Prediction ac-
curacy increases immediately under the improvement-
based strategy.

storage predictors respectively. Currently, our NIMO
prototype uses multi-variate linear regression to learn
the predictors. We are also exploring the potential of
more sophisticated learning algorithms such as regres-
sion splines [5].

The important resource-profile attributes in this ex-
periment were found to be CPU speed, memory size,
and network latency. NIMO’s workbench comprises 5
CPUs varying from 451 MHz to 1396 MHz, 4 mem-
ory sizes ranging from 256 MB to 2GB, and 10 differ-
ent network latencies ranging from 0, 2,..., 18 ms be-
tween the compute and storage nodes. Therefore, the
total sample space is 5 × 4 × 10 = 200 assignments.

We compare two active sampling strategies to illus-
trate the potential of active sampling for accelerated
learning. Exhaustive evaluation of all strategies is be-
yond the scope of this paper. We use round-robin traver-
sal of predictors in one case, and improvement-based
traversal in other (Section 3.1). The latter strategy
learns an accurate predictor for the network resource,
then the predictor for the CPU resource, and finally the
predictor for the storage resource. In both strategies
we use static ordering of predictors and attributes, and
Lmax-I1 technique for selecting samples (Section 3.3),
where we vary the operating range of one resource at a
time keeping the others constant.

Figure 4 shows the accelerated learning in NIMO us-
ing active sampling. The x-axis shows the progress of
time for collecting samples and learning predictors, and
the y-axis shows the mean and standard deviation of
fMRI’s completion-time prediction accuracy on 15 test
assignments chosen randomly from the 200 candidate
assignments. The figure shows that the round-robin
strategy learns an accurate function quickly using less
than 5% of total sample assignments in less than 100
minutes. (The total time to run all fMRI on all 200 as-
signments is around 5 days.) The round-robin strategy
converges faster to accurate predictions because it re-
fines the CPU and I/O predictors together, without wait-

ing for one predictor to be learned properly. This result
shows the potential of accelerated learning; active sam-
pling is able to expose the primary factors that affect
performance quickly, and hence learn accurate predic-
tors.

6 Related Work
The theory of design of experiments (DOE) is a branch
of statistics that studies planned investigation of factors
affecting system performance. Active learning [4] from
machine learning deals with the issue of picking the
next sample that provides the most information to max-
imize some objective function. NIMO uses both DOE
and active learning in an iterative fashion to enable ef-
fective resource assignment in network utilities. Re-
cently, the computer architecture community has also
looked at DOE for improving simulation methodol-
ogy [7].

7 Conclusion
Current work that applies SLT to system management
often takes a “given the right data, we learn the right
model” approach, and leaves the issue of acquiring the
“right data” unaddressed. NIMO bridges this gap by
using active sampling strategies for accelerated model
learning. Our preliminary experiments with NIMO in-
dicate its potential for significant reduction in the train-
ing data and learning time required to generate fairly
accurate models.
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