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ABSTRACT 
This paper investigates the question of improving a performance 
model by exploiting all the information that is known about a 
system. The modeling perspective is to be opened up to 
encompass the entire available dataset, which could make 
performance models a useful adjunct in big data analysis of 
performance. The scope and content of the model would not be 
limited by preliminary decisions  made by a performance expert, 
but would be determined by the data itself.  For this purpose it 
may be necessary to create multiple sub-models in various 
formalisms (in order to capture different kinds of mechanisms in 
the system), and to associate them. We consider how a decision 
can be reached to add another sub-model, and how it can be 
associated with the existing model. The paper is exploratory only; 
a principal goal is to identify fruitful research questions in this 
area.  
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1. INTRODUCTION 
Performance models are required to predict the performance of a 
system that does not exist yet, or of a proposed deployment or 
reconfiguration of an existing system. However by their nature 
models abstract away from the full knowledge of the system and 
the available data on it, so that they ignore some features of this 
knowledge and data. As just one example, queueing models do 
not provide a representation of system data that can predict cache 
hit rates from the cache size, although these may be important for 
performance.  
This paper considers a kind of “open-perspective” modelling 
process which can expand its base of assumptions and model 
formalisms to accommodate knowledge and data that is, or 
becomes, available. It identifies some possible approaches, some 
questions of feasibility, and some research problems to be 
addressed.  
The benefits of a more open perspective are many. The use of 
models is inhibited by the limitations imposed by a narrow 

perspective, which depends on decisions made by someone who 
may not know best. A process that would build the best possible 
model given the available data, would not only give more accurate 
predictions, but would increase confidence that model represents 
the data and the prior knowledge of the system, rather than the 
biases and preferences of some modelling expert. 

2. RELATED WORK 
This section examines various ways in which models of different 
types have been combined for performance analysis. 
Curve-fit modeling has been used to model the dependence of 
parameters of queueing models, on other parameters. Vetland et 
al. [12] increased the fidelity of queueing models of software by 
incorporating “resource functions” that model the computing 
demand of a software operation, based on parameters of the 
operation (for example, the demand of a “sort” operation depends 
on the size of the data to be sorted). These functions are a kind of 
empirical complexity function for the operation, and may take the 
form of a regression or regression spline function as in [13]. The 
computing demands are calculated first, and inserted in the 
queueing model. Pllana et al. [9] similarly used mathematical 
expressions as resource functions in a simulation model. With the 
same goal but a different method, Balbo et al used Petri Net 
submodels to find the service times of queues in [1], and Nelson 
et al. used queueing models to determine probability distributions 
for service delays, which were then used in a simulation model of 
a complex I/O system [8]. 
Some multi-formalism or “hybrid” performance models combine 
separate performance models with complementary capabilities 
(for instance, a queueing model and a finite-state-machine model), 
with a fixed-point iteration between them. Wu combined Petri 
nets representing exception mechanisms with layered queues [15]. 
Verdickt et al. combined layered queues of a software application 
with a simulation of a network and its protocols [11]. Marco et al 
combined simulation and queueing models in [7]. The iteration 
approach has also been used to combine separate models made 
within the same formalism (especially for Petri net models), to 
simplify the solution and overcome solver scalability limitations. 
General tools for hybrid modeling have been described. The 
SMART toolset combines simulation with state-based models [4]; 
the SHARPE toolset [10] combines a variety of analytic model 
formalisms. 
A more narrowly defined multi-formalism is the basis of the 
Mobius toolset [6], which employs a set of different but  closely 
related formalisms that all define finite-state Markovian models 
(Mobius is also capable of combining additional model types by 
fixed-point iteration). 

3. THE INFORMATION BASE FOR  
PERFORMANCE PREDICTION 

Prediction using a performance model is based on two broad 
categories of information: knowledge of the software architecture 
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and deployment, and of the hosting hardware (processors and 
networks), which we will call system knowledge, and data from 
tests and operations, which we will call “data”. Data includes: 

1.  Settings in the hardware and software environment that might 
influence performance (buffers, timeouts, priorities) (input data 
to the model-making). 

2.  Event traces (part of operating data)... a large category 
a.  externally generated events (e.g. user requests, 

instrumentation events, failures) 
b.  message-related events (e.g. sending, receiving, replying) 
c. execution-related events (e.g. beginning, suspending, 

resuming, ending) 
d. memory related events (e.g. allocate, de-allocate, cache 

hit/miss) 
e. exception events (e.g. time-outs) 

3.  State traces, meaning samples of subsystem states at time 
intervals or defined instants (busy/idle, number of active 
threads, heap size, occupancy of cache, size of buffer or 
executable); averages related to state occupancy (also part of 
operating data). 

4. Sizes of messages, and data and program entities: samples and 
averages (operating data). 

5. Statistics drawn from operating data, such as average event 
counts for user requests, instrumentation events, or messaging 
events, mean occurrences of a given state or state sequence, or 
statistics of data and message sizes (additional input data to 
model-making). 

6. Some of the operating data and statistics can be identified as 
performance measures important to the prediction process, 
such as response times, message delays, queue lengths, or 
failures to meet a QoS specification. 

 
For analytic models the performance measures and input data will 
all be statistics over the measurements (such as averages), but for 
simulation modeling trace data may also be used, as in trace-
driven simulation. The system knowledge usually determines the 
structure of the performance model, and the input data is used to 
calibrate its parameters in making a performance prediction, as 
illustrated in Figure 1. 
 

 
Figure 1 Data and Models 

 

4. CLASSES OF MODELS 
The models we are considering predict some performance 
measures as functions of some input variables as illustrated in 
Figure 1. The models fall into these six broad classes: 
Data reports such as scatter plots which represent the observed 
outcomes for the measures, in a multidimensional space of input 
variables. To predict performance, one looks up the input value 
and takes the set of observations at those values, or its mean or 
median, as the prediction. These are the closest to the original 
data, but only predict based on previous experience of a 
configuration.. 

Simulation, meaning an instrumented execution of an abstraction 
of the system mechanisms. These recreate a version of the 
operating data. 
Fitted curves and surfaces using standard forms such as 
polynomials and splines, including linear and nonlinear regression 
functions, adaptive regression splines (MARS) and regression 
trees. These give a single prediction of performance measures for 
each input value, and using extrapolation they can predict 
performance for input values which have not been measured. 
State-based models, representing deterministic or stochastic 
transitions between states (including stochastic automata, Petri 
Nets with time (which have many forms), Stochastic process 
algebras, and any other finite-state model with time, transitions, 
and a method such as stochastic transitions for generating 
execution traces). These models may in turn be simulated, or 
transient or steady-state solutions for performance measures can 
be computed numerically. 
Queueing models, representing jobs using resources and making 
transitions between resources, and including many kinds of 
extended queueing models such as layered queueing networks. 
These models may be solved by simulation, or transient or steady-
state solutions can be found analytically or with numerical 
methods. 
Fluid models, representing numbers of entities in a given state as 
continuous variables with flows between states modeled as flows 
of a fluid. For example there are fluid versions of both Petri Nets 
and queueing models. 
The list is organized in increasing order of abstraction away from 
the original system and its measurements. Additional classes of 
models may also exist. 
Figure instead? The tradeoff is immediately apparent. Data reports 
can represent any observed data, and are used in big data analysis 
for performance, but they cannot be extrapolated. Thus they 
summarize experience, and are totally faithful to the data within 
this limitation, but have limitations as predictors. Fitted surfaces 
can be used for interpolation, for input values that have not been 
measured but are surrounded in some sense by measured values, 
but are weak for extrapolation. The remaining models are all 
causal models, meaning that they represent the mechanisms in the 
system in some way. They offer possibilities for extrapolation, but 
the quality of extrapolation depends on how well the model 
captures the mechanisms of the system. 
The process of creating a model requires first the selection of a 
model class, second creation of a structure from system 
knowledge, and finally calibration of the model parameters to 
match the operating data including some of the performance 
measures. 

5. OPEN PERSPECTIVE MODEL 
CONSTRUCTION 

Normally one class of models is chosen for a modeling study, 
which limits the system mechanisms that can be modeled. To 
obtain a more open perspective, there must be an approach to 
expanding the model classes, when there is a need and 
opportunity to do so.  
We can see a move in this direction, in extended queueing and 
more generally in hybrid modeling, where an additional model 
type may be added to an existing model, to describe a mechanism 
that cannot be encompassed in the original. For still wider 
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perspective, we consider here how the data itself can drive the 
opening of perspective. If we can do this, we can arrive at 
modeling that is truly data-driven, rather than modeller-driven, 
although expert judgment would still be part of the process. The 
overall process of making models and improving them is 
summarized, in a very condensed way, as: 
Step 1. From system knowledge, choose a model class and 

formalism from those available. 
Step 2. Fit it to data and observe the goodness of fit, to give an 

initial  model M. Optionally generate stress tests based on 
the model, to improve the accuracy of the model 
parameters and extend the domain of the model. 

Step 3. If (a) the fit is inadequate or (b) M ignores a mechanism 
or some data that is felt to be important for extrapolation, 
attempt a perspective expansion, else stop. 

This paper is concerned with the last step. 

5.1 Perspective expansion 
If we assume that M already makes maximum use of the class of 
models it is based on, then a perspective expansion should seek 
opportunities to involve additional classes of model. The 
following process is an initial proposal for doing this, and is the 
core of the present paper. There are four stages: Screen for 
variables, Choose a model class, Associate it with the existing 
model, and Fit the parameters of the combined model. 
Screen: Consider the input variables that were ignored in fitting 
the model. Screen them for correlation with the model fitting 
errors, to create a candidate set of variables that could help 
expand the model. 
To investigate correlation a sequence of inputs and predictions are 
used. For input variables that are statistics over an operational 
period, there are two options: 
Break the operational period into subperiods, find the statistics, 
measured performance and the model prediction for each 
subperiod (the model could be re-fitted to the sub-period data), 
and find the correlation between the values for each subpeiod. 
Input variables that are traces can be considered a special case of 
the same approach, in which each trace point is treated as a “sub-
period”. For trace data and a simulation model the predictions 
may be available for every trace point; in other cases the model 
prediction can be based on the entire data (i.e. on the original 
model). 
The output of this stage is a set of data variables that are good 
candidates for explaining the model errors. The next problem is to 
create a new model element, called a “candidate submodel” C, 
that captures this incremental effect. 
Choose (1) the input variables with high correlation; (2) candidate 
system mechanisms that might express the effect of these variables 
on performance, using system knowledge; (3) potential candidate 
submodels for these mechanisms.  
 
Associate the candidate sub-model C to the model M. If it is 
expressed in the same formalism as M. then C can simply be 
added to M; the extended model is just an enhancement of M. 
Otherwise, a suitable form of association must be found. A form 
which is suitable in many cases has often been described for 
hybrid modeling, called here Loose Association, is described 

below. The result is a single model (M + C) which computes 
predictions based on an enlarged set of input variables. 
Fit (M + C) to the measured data. The parameters of M must in 
general be re-fitted because of the effect of C. 
A model-fitting process with sufficient generality for all model 
types is the nonlinear regression process described in [14], which 
only uses the combined model to compute predictions for sets of 
input variable values. However it is not suitable for a model that 
can only be solved by simulation. 

5.2 Loose Association of Sub-models 
In a loose association the sub-models are kept separate and are 
coordinated by passing variables through their input interfaces. 
This is convenient for models of different formalisms, since the 
solver software is typically separate and not eady to combine in 
other ways. Loose association has four forms, depending on the 
form of interdependence between M and C, represented as 
follows: 
M <≠> C, or independent submodels: neither model depends on 
the other, so the two models are used together. Example: a 
reliability model C added to a performance model M for non-
failed operation only. C gives failure probabilities, M gives 
performance when not failed (a rather primitive combination). 
C => M, or M embedded in C. M depends on knowing the 
solution of C but not vice versa. C is solved first, and the solution 
is used to calibrate or modify M. Example: a dependability model 
in which the probability of the different failure states is calculated 
first by a failure model C, then the performance in each of the 
failure states is found by a version of adapted to the failure state, 
with the dependability  measures found by combining the 
information.. 
M => C, or C embedded in M.  C depends on knowing the 
solution of M, but not vice versa. M is solved first, and then C. 
Example: An analytic model of one system determines the rate of 
arrivals to a separate sub-system which requires a state-based 
model. 
M <=> C, or interdependent models. Each model depends on the 
solution of the other. An initial set of outputs for one model is 
assumed, and the other is solved. Then the models are solved in 
turn in a fixed-point iteration (eg. [7]), which succeeds if it 
converges (not guaranteed, but in many cases successful). 
The data flow in the four kinds of loose association is illustrated 
schematically in Figure 2. 

M

C

(a) Independent Sub-models

MC

(b) M embedded in C

CM

(c) C embedded in M

M

C

(d) Interdependent Sub-models
 

Figure 2. Forms of the Loose Association in (M + C) 
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For cases (a) (b) and (c) in Figure 2, Loose Association is 
sufficient for any combination of sub-model classes. For 
interdependent sub-models loose association can be applied, but it 
has weaknesses. 

5.3 Other Associations for Interdependent 
Sub-models 
Loose association may sometimes give less-than-ideal modeling 
accuracy when the mechanisms behind the sub-models M and C 
are tightly coupled. In these cases the exchange of results is too 
coarse a way to capture their interactions. However this is a 
subject that has not been studied much. 
As an example consider a case in which M is a mean-value 
queueing model that predicts response times, given an arrival rate. 
The service time is fitted to response time data using the approach 
of [14]. C is a state-based model for an adaptive mechanism that 
allocates a second CPU core to the application, to execute the 
server when the system is overloaded. Using the average extra 
power added to the system to modify the model for all time 
periods appears to be a poor way to represent the performance 
effect of this mechanism, since the full extra power is available 
when it is needed.. 
A second approach to association which could be suitable for this 
example, is to first upgrade M to a more detailed modeling 
formalism which represents the states of the queueing system, in 
which the overloaded state corresponds to a set of queueing states, 
and combine C and M within the same more detailed formalism. 
Additional methods for associating sub-models of different 
formalisms appears to be a significant candidate for research. 

6. AN EXAMPLE 
A small and artificial example will illustrate the main points of 
this suggested procedure. The execution of a computer program is 
modelled by the simplest possible queueing model, M is an 
M/M/1 queue (single server, exponential service distribution, 
random (Poisson) arrivals). The mean service time is fitted to a 
trace of arrivals and response times by taking averages of A and R 
over a number of trace sub-intervals, and using the nonlinear 
regression approach of [14]. The model prediction equation is 
then: 

R = S/(1 – AS) 
where R is the average response time, S the fitted average service 
time, and A the average arrival rate of requests to execute the 
program. Data was generated for a set of 20 intervals, for a system 
represented by such a queue with actual S = 10 ms. However the 
actual system also had additional application programs sharing the 
processor. The best fit found for S was 0.014, 40% too large. This 
value could be misleading for capacity analysis, as it will predict 
the system has a lower capacity than it really does. 
In considering a more open perspective, suppose the existence of 
the other programs is known, and the available data includes the 
number K of other application processes which are active at each 
trace point. The correlation coefficient of the model prediction 
error for R, with K, was found to be -0.8, indicating strong 
negative correlation. A scatter plot for this data is shown in Figure 
3. To make the plot, the data was divided into sub-intervals during 
which K was constant, and averages were taken over these 
subintervals to give R and A. 

 

 
Figure 3 Scatter Plot of Prediction Error vs K 

The additional mechanism being modeled is the extra contention, 
expressed through additional utilization in the model, not due to 
the arrival stream that is monitored. The form of the sub-model C 
for this mechanism is chosen to be a fitted linear function giving 
the additional utilization U(K) as a function of K:  

U(K) = a + bK 
Other curve-fits are equally possible. To make a performance 
prediction for a given K, U(K) will be calculated first and then M 
will be solved using service time S and U: 

R =  S/[1 – AS – U(K) ] 
 This embeds M in C, like the configuration in Figure 2(b). 
The parameters a, b and S in the combined model are finally fitted 
to the data in the scatter plot, using the overall average arrival 
rate. The fit is much better, as shown by the comparison of the 
sum-of-squared-error vs S, for M and for M + C, in Figure 4. The 
fitted values of S are the values at the minimum of the two curves, 
and are around 13.7 ms for M and around 10.2 ms for M + C. 

 
 

Figure 4. Comparison of Goodness of Fit of M and M + C 
 
The fitted value of S for M + C is more nearly correct, with some 
statistical fitting error, and the sum-of-squared-error is less by a 

Prediction 
Error 

Number of Competing Processes K 

Sum of Squared 
Errors 

Value of the CPU Demand Parameter S (sec) 

M + C 

M 
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factor of nearly 20 (in Figure 4 the exact values for the function 
for C were used). 
This example just shows the steps to be taken, and indicates the 
potential for improvement, using the steps for perspective-
opening described above. Application to real system data is the 
next step. 

7. CONCLUSIONS 
A systematic approach suitable for basing a performance model 
on large datasets, and for augmenting the model to exploit all the 
relevant data, appears to be practical. Such an approach would 
add performance models to the methods usable in “big data” 
analysis of performance. The main benefit of using these models 
would be an ability to extrapolate from the measured conditions. 
This work has only drafted out an approach, and has identified 
some gaps for which research would be beneficial. A principal 
gap is a need for ways to combine interdependent sub-models in 
different formalisms, in cases where the sub-models are heavily 
inter-twined. 
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