
Extending Graph-based Models of
Wireless Network Structure with Dynamics

Elena Meshkova, Janne Riihijärvi, and Petri Mähönen
Institute for Networked Systems, RWTH Aachen University

{eme, jar, pma}@inets.rwth-aachen.de

ABSTRACT
Graphs are routinely used to approximate the structure of
wireless networks especially when studying connectivity or
various aspects of network performance. Although not as
detailed as geometrical and spatial models dealing with in-
dividual node locations, graphs can nevertheless be used to
capture many of critical interactions between the nodes. In
this paper we explore the use of graphs to approximate net-
work dynamics in addition to static network structure. We
show that a simple linearization of network performance
functionals results in natural correlation metrics for influ-
ence of parameter changes on performance. Further, based
on extensive simulations we demonstrate that these correla-
tion metrics have a high degree of robustness against pertur-
bations in node locations. We also discuss the relationships
between the arising graph approximations of network dy-
namics and the commonly applied connectivity and conflict
graphs. Our results indicate that graphs formed by approxi-
mating dynamics combined with connectivity structures can
shed considerable insight on “gray zone”behavior commonly
encountered in wireless networks. They are promising can-
didates for autonomous context identification.

Categories and Subject Descriptors
C.2.1 [Network Architecture and Design]: Wireless com-
munication

Keywords
Network dynamics, connectivity and conflict graphs, correla-
tion, modeling, wireless, protocol parameters, optimization

1. INTRODUCTION
Graph-based models are widely applied to a number of

networking problems, ranging from routing and load bal-
ancing in fixed networks to channel allocation and schedul-
ing problems in wireless systems. While for fixed networks
graph models are in a sense exact, for wireless networks they
should be considered as an approximation. The connectivity
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Figure 1: Dependency of performance on distance
between two wireless nodes for different channel
conditions. Three distinct performance behaviors
for LOS channels are labeled.

structure of wireless networks is properly thought of as being
spatial in nature [5, 14], and their performance fundamen-
tally depends on dynamically changing distance and fading
environment. However, spatial models can become quite
complex and typically require computationally demanding
processing to extract information from them. As an alter-
native, computationally effective graph approximations of
wireless network structures have been developed, as it has
been observed that often actual performance characteristics
often depend only loosely on node locations.

The currently applied graph approximations are almost
universally based on the concepts of connectivity and con-
flict graphs [8]. These can be thought of as encoding con-
straints how resources can be used in the network. For ex-
ample, for CSMA-based networks contention relations ex-
pressed through a conflict graph dictate which configura-
tions of transmitters can be active at the same time. The
accuracy of such models relies on the observation that ra-
dio propagation in typical Wi-Fi deployments often feature
strong large line-of-sight components, and the “gray” area,
where performance is unstable and rapidly decreases with
distance, is very narrow and can often be neglected. In
this sense the contention relations are robust with regards to
small changes in distances between the nodes. It is precisely
the robustness property that enables graph-based approx-
imation of the relationships between wireless nodes. This
feature is further illustrated in Figure 1 that displays the
performance of a point-to-point link as a function of the dis-
tance between the nodes for different wireless channel types.
As mentioned above, we see that in the absence of fading,
or when the line-of-sight (LOS) component is strong, the
dependency of performance on the distance is weak, and it
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Figure 2: Illustration of the problem statement. In which context do we operate (e.g., with respect to current
connectivity graph) and how it can be optimized (e.g., by tuning protocol parameter settings)?

can be quantized only in three states. However, in non-
line-of-sight conditions this no longer completely holds, and
the graph approximation with small number of edge types
might become inaccurate. One should note that such situa-
tions can be prevalent for many present non Wi-Fi systems,
and even in the case of MIMO enabled Wi-Fi we expect that
small-scale fading will start to play more dominant role that
needs to be taken into account in graph-based approaches.

In this paper we suggest a different approach to graph-
based wireless network approximation that, among other
features, enables robust quantization with smaller number
of states for more complex operational conditions. We fo-
cus on network dynamics as opposed to simple structural
relations between the nodes. Classical contention and con-
flict graphs are typically used in the literature to study the
expected performance of a particular protocol or a proto-
col stack with fixed parameter settings. We focus instead
on the impact different tunable parameters of the protocol
stack for a given context, which might be defined by a num-
ber of variables such as node positions, propagation envi-
ronment, application behavior, network optimization goals,
etc. We aim to describe these in a similarly robust man-
ner as has been done for contention relations in the litera-
ture. We argue based on classical dynamical systems theory
that various linearizations of network dynamics should nat-
urally yield robust metrics related to statistical correlations
between performance and parameter values. Based on ex-
tensive simulations we show that this is indeed the case. We
believe that such approximations of network dynamics have
a number of interesting applications. As an example, they
enable fast and robust context-aware network optimization
based on observed properties of connectivity graphs.

2. NETWORK OPTIMIZATION AND
MODELS OF DYNAMICS

We consider a classical utility-based optimization frame-
work for network performance [3]. We denote by U the
overall network utility, in practice defining the global opti-
mization target as a statistical average from which random
environmental contributions such as fading have been av-
eraged out. In most scenarios U would be expressed as a
sum of individual utility functions for different data flows or
users, but this level of detail is not needed here. Now, in a
given environment, and for given set of node locations, U is
a function of a collection of configurable parameters p, i.e.,
U = U(p1, . . . , pn). These parameters include, for exam-
ple, transmit power, use of RTS/CTS mechanism, transport
protocol settings, and so on. Then around any given op-
erating point p0, the dynamics of U under changes in the
parameter values can be expanded as Taylor series follow-
ing standard arguments used in control theory and theory
of dynamical systems. Formally this is done as follows. Let
α = (α1, . . . , αn) ∈ Z

n be a multi-index with standard defi-

nitions |α| ≡ ∑
i αi, α! ≡ α1! · · ·αn!, p

α ≡ pα1
1 · · · pαn

n and

Dαf(x) ≡ ∂|α|f
∂xα1

1 · · · ∂xαn
n

. (1)

Then the Taylor series reads

U(p) =
∞∑

|α|=0

DαU(p0)

α!
(p− p0)

α. (2)

Usually the highest degree of robustness in optimization and
control is achieved by using the linear terms as a basis for
optimization decisions (i.e., |α| = 1). As the result (after
normalization and appropriate choice in the range of pa-
rameter values considered) we obtain terms closely related
to statistical correlation coefficients between U and pi.

The application of the correlation coefficients can be un-
derstood as follows. Suppose the network is observed to
perform poorly, measured as a low overall network utility.
In order to improve this performance, complete optimization
problem could be solved at network configuration, looking
for the global optimum of U(p). This can, however, be very
costly due to the large number of parameter combinations
and the typically complex global structure of the optimiza-
tion problem. An intermediate choice is to respond to per-
formance degradation by tuning only few parameters, per-
haps even one at a time, based on the above-shown linear
approximation and conflict/contention graphs identified for
the given operational point. This process is illustrated in
Figure 2. We determine the current operational context ei-
ther through direct observation of selected Key Performance
Indicators (KPIs) or by obtaining a connectivity graph [15].
For this context, as result of prior training or modeling, we
have estimates of the correlation coefficients. Parameters
with large correlation coefficients would be the ones to be
adjusted first as they are likely to lead to the fastest per-
formance improvement. Others may be tuned later if de-
sired. The parameter adjustments are likely either to change
the underlying connectivity graph, e.g., by avoiding hidden
terminal problem by lowering transmit power, or changing
packet dynamics by, for instance, enabling the RTS/CTS
mechanism. The suggested models or rules are useful if the
correlation coefficients are robust against small changes in
network configuration, and the optimality gap between such
a simplified optimization scheme and the global optimum is
small enough. This turns out to often be the case, as we
show below based on our simulations.

3. SIMULATION SETUP AND RESULTS
Our simulation scenario together with a more detailed

graph-based view of the performance evaluation problem is
illustrated in Figure 3. We consider two pairs of nodes. The
distance between the pairs is increasing throughout the sim-
ulation time. The nodes communicate using IEEE 802.11a

34



aA

b B

Default : Evolution of a connectivity graph with 
fixed parameter settings

Scenario

Restricted: Transformation of a connectivity graph with limitedly tunable parameter settings
A

a b

B A

a b

B A

a b

B A

a b

B

Default Power 
Rate 

Rate Power 
Rate 

Same

A

a b

B A

a b

B

Rate 

A

a b

B

Rate 

A

a b

B

Rate 

A

a b

B

Same

Which graph?
Which parameter
settings?

A

a b

BA

a b

B A

a b

B A

a b

B A

a b

B

 (R1) (R2) (R3) (R4 and beyond)

G
ra

y 
zo

ne

G
ra

y 
zo

ne

Figure 3: Scenario overview. Two transmitting nodes are horizontally moving away from each other. The
connectivity graph evolution, which is typical for such movement with fixed parameter settings, is shown in
the top panel. The lower panel displays the graph transformation if parameter setting can be limitedly tuned.
Here the parameter adjustments allow avoiding hidden terminal (HT) problem and selected gray zones, for
which poor performance is observed. (The R labels denote distinct operational regions that display distinct
performance dynamics as shown in Fig. 4).

Wi-Fi. We systematically study the performance of the net-
work by employing the QualNet commercial packet level net-
work simulator [1]. The overall goodput as a function of all
combinations of parameter and simulation settings is used
as our main performance metric. We derive the correla-
tion coefficients between parameter values and throughput
as discussed above, as well as the performance gains that
can be obtained by tuning different combinations of param-
eters from their default values. We consider the following
changes in the simulation scenario, line-of-sight (LOS) prop-
agation conditions and channels with the Rayleigh fading
model, TCP and UDP traffic (FTP and CBR applications,
respectively), internode distances between transmitters (be-
tween 2m and 202m), with receivers being separated by
50m. The tunable parameters are transmit power, data
rate, MAC retry limit, use of RTS/CTS mechanism, maxi-
mum contention window, and maximum fragment size.

Let us first look at the overall performance numbers. Fig-
ures 4a and 4b illustrate the impact of changes in parameter
values on the UDP traffic in line-of-sight propagation condi-
tions and the TCP traffic in the presence of Rayleigh fading
(corresponding in a sense to a worst-case propagation envi-
ronment for graph based models). From the results we can
clearly see that the network performance is maximized with
very few parameters. In vast majority of cases changes in
the transmit power have the largest impact on achieved per-
formance. In the case of UDP traffic the data rate change is
another important aspect. This simple parameter optimiza-
tion can result in high increase in the observed performance
with respect to default settings that maximize network per-
formance over the whole operational range. From these fig-
ures it is also clear that the results that can be achieved
by parameter adjustment depend only loosely on the actual
distances between the nodes, making graph approximation
of these relationships feasible.

Given the strong dependency between performance and
just few of the possible parameter values, the simple lin-
ear approximation procedure discussed above should work
well unless there are significant non-linearities present in

the dynamics of the network. Figure 4c shows the corre-
lation coefficients for the influence of different parameters
on throughput for the case of UDP with LOS channel taken
over all parameter permutations. We see that the strongest
correlations (either positive or negative) are with respect to
either rate or power. Further, the correlation coefficients
are seen to be quite robust against small changes in the dis-
tances between the nodes. Significant behavioral changes
are rather observed for the regions that loosely correspond
to a certain type of connectivity graphs and their possible
transformation (R1 – R4). Therefore, very simple greedy
optimization scheme would be able to keep the network per-
formance at a high level, provided the correlation informa-
tion would be available. Finally, in order to emphasize the
distinctness of the regions R1 – R4 given in Figures 4a and
4b, Figure 4d shows the cumulative distribution functions
for the throughput in the TCP case for the different op-
erational regions. The performance properties are clearly
highly distinct, again confirming that highly accurate graph
approximation with only few zones can be obtained.

We conclude this section by discussing about the selected
further results on the behavior of correlation coefficients be-
tween goodput and various parameters as functions of the
distance between the node pairs. Figures 5 and 6 display
correlation coefficients obtained for all individual parameter
permutations color-coded on the basis of their behavioral
similarity. The figures also display the correlation coeffi-
cients clustered into five classes. These values correspond to
each of the colored groups, and can serve as additional labels
for conflict graphs to indicate the likely network dynamics
with respect to parameter changes. Figure 5 gives detailed
results for the case of transmit power being changed. We see
that for all of the parameter permutations the results are
naturally divided into few different robustly defined zones,
and strong correlations can be observer for majority of the
cases. This indicates that for many cases even if we are not
in full control of the network, e.g., there is an autonomous
data rate control, we can choose based on correlation coeffi-
cients the behavioral strategy that would maximize the per-
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Figure 4: Performance of UDP and TCP traffic in scenarios without fading and Rayleigh fading. Figures show
the overall achieved performance, as well as cumulative contributions from making MAC/PHY parameters
tunable. The parameters are set flexible in order of their maximal contribution to the improvement in average
(over all distances) performance. Sample overall correlation coefficient values for the scenarios, as well as the
CDF for one of the scenarios is provided as well.

formance. Additionally, these zones roughly correspond to
the possible range of connectivity graphs that can be formed
at the current scenario point. Figure 6 on the other hand
shows sample results, where parameters were found not to
have a strong and similar performance impact in the ma-
jority of the scenarios. We see that the coefficient values
either become insignificant (esp. in the cwMax case, Fig.
6c), depend much more heavily on the other parameters set-
tings (Fig. 6a), or simply indicate that the given parameter
should be chosen to have maximum value without additional
tuning taking place (Fig. 6b). The other notable trend is
that for such parameters the correlation coefficient behav-
ior may differ between traffic profiles and channel conditions
(Fig. 6a,b), i.e., they do not display such a robust dynamics
as in case of highly influential settings (Fig. 5).

4. RELATED WORK
There is extensive prior work in the fixed networks domain

utilizing random graphs, or graphs constructed as solution
to specific performance optimization problems [4]. Graph
approximations for wireless networks, and their subgraphs,
were discussed in, e.g., [6, 7,11,13], with only limited stud-

ies on multiple ways to define edges between nodes in [9,16].
The latter works mostly again solve specific types of prob-
lems, rather than positioning this model as a generalization
of other types of network motifs. Passive estimation of con-
flict graphs was explored in [15]. Other works, e.g., [2,10,12],
discuss on power and rate adaptation in order to practically
address hidden/exposed terminal problems, as well as avoid
gray zones. However, only low-level key-performance indi-
cations and raw SINR values are used for parameter adap-
tations. The latter two papers also provide example usage
of conflict graphs with multiple channels or directional an-
tennas. We generalize their optimization strategy based on
the parameter correlation metrics.

5. CONCLUSIONS
One of the main modeling approaches is to capture depen-

dencies between obtained performance and optimizable enti-
ties with respect to a range of operational conditions. Graph
approximation based only connectivity and contention rela-
tions between nodes do not capture dynamics from changes
in configurable network parameters. In this paper we have
suggested using parameter-performance correlation coeffi-
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Figure 5: Correlations of the transmit power and obtained performance for all parameter permutations.
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cients to capture this dynamics. Our experiments have con-
firmed that this is, indeed, an efficient and robust metric,
which can, along with graph-based approximations, lead to
effective autonomous wireless network optimization.
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