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Abstract
A motif is a small graph pattern, and a motif signature
counts the occurrences of selected motifs in a network. The
motif signature of a real-world network is an important characteristic because it is closely related to a variety of semantic
and functional aspects. In recent years, motif analysis has
been successfully applied for adapting topologies of communication networks: The motif signatures of very good networks (e.g., in terms of load balancing) are determined a
priori to derive a target motif signature. Then, a given network is adapted in iterative steps, subject to side constraints
and in a distributed way, such that its motif signature approximates the target motif signature.
In this paper, we formalize this adaptation problem
and show that it is N P-hard. We present LoMbA, a
generic approach for motif-based graph adaptation: All
types of networks, all selections of motifs, and all types of
consistency-maintaining constraints can be incorporated.
To evaluate LoMbA, we conduct a simulation study
based on several scenarios of topology adaptation from the
domain of communication networks. We consider topology control in wireless ad-hoc networks, balancing of video
streaming trees, and load balancing of peer-to-peer overlays.
In each considered application scenario, the simulation results are remarkably good, although the implementation was
not tuned toward these scenarios.

1

Introduction

Motifs, graph patterns of small size, are an essential
building block of complex networks [16]: In the last
decade, a plethora of research papers, e.g., [5, 8, 20],
have analyzed motif distributions of real-world graphs,
showing that the motif signature, which counts the
occurrences of selected motifs, is closely related to a
variety of semantic and functional aspects.
Recently, first efforts have been made in the domain
of communication networks to use motifs not only for
the analysis of graphs but also for their adaptation. The
motif signatures of very good networks are determined
a priori, and a given network is adapted in iterative
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steps, subject to side constraints and in a distributed
way, such that its motif signature approximates a target
motif signature. In [7, 9, 21], algorithms have been
developed for specific application scenarios. In the
domain of communication networks, a graph models
the network topology. By adapting this graph at
runtime, application-specific optimization metrics can
be addressed [24], e.g., energy consumption or load
balancing. The existing algorithms for motif-based
adaptation are limited to specific motif signatures,
systems or graph constraints. Among others, this
limitation makes it difficult to transfer the idea of motifbased adaptation to new scenarios within or beyond the
domain of communication networks.
Our Contributions We summarize the contributions
we make in this paper as follows: i) We formalize the
problem of adapting a graph toward a given target
motif signature, and prove that the problem is N Phard. ii) We propose a generic heuristic named LoMbA
(Local Motif-based Adaptation) to solve the problem.
LoMbA is executed in a distributed way on each node
of the graph, and conducts two major steps. First,
the algorithm selects a search space of possible graph
modifications. Second, LoMbA chooses graph modifications from this search space to adapt the graph toward
the target motif signature while ensuring consistencymaintaining graph constraints. iii) We conduct an extensive simulation study that is based on three application scenarios: topology control in wireless ad-hoc
networks, balancing of video streaming trees, and load
balancing of peer-to-peer overlays. The results demonstrate that LoMbA is able to adapt the graph toward
the target signature for each application scenario.
Because of its generality, LoMbA fosters the use of
motif-based graph adaptation in novel future use cases:
• Rapid prototyping: LoMbA allows for rapid prototyping of motif-based graph adaptations for new
application scenarios within or beyond the domain
of communication networks. The developer solely
specifies a consistency-maintaining constraint and
target motif signatures. Suitable target signatures
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Figure 1: All directed (M 1-M 13) and undirected (M 10 , M 20 ) motifs with 3 nodes
might even be learned automatically, e.g., by using
genetic programming [4].

distinguish two types of topologies: physical topologies
and logical topologies. An example of a physical
topology is a wireless ad-hoc network [17], where edges
• Dynamic signature adjustment: LoMbA enables
indicate that the incident nodes are within each other’s
adjusting the target signature at runtime to react
transmission range. An example of a logical topology
to changing optimization goals in highly dynamic
is a peer-to-peer overlay [27], where edges give the
environments.
communication pattern between the nodes. To optimize
• Topology transitions: LoMbA allows for conduct- the performance of the communication network, both
ing topology transitions, i.e., switching between physical and logical topologies may need to be adapted
different topologies efficiently [25]. Thereby, not at runtime [24, 25]. This is achieved by modifying the
only the target signature but also the consistency- graph’s edge set while maintaining crucial applicationspecific graph constraints, e.g., regarding the increase
maintaining constraint is replaced at runtime.
of routing path lengths [26].
Roadmap The rest of this paper is structured as follows. Section 2 reviews the related work. Section 3 Motif-based Topology Adaptation A key observaformalizes the considered adaptation problem. In Sec- tion of motif analysis is that the motif signature of a
tion 4, we prove that the problem is N P-hard. Section 5 graph reflects the distribution of occurrence of funcintroduces the LoMbA algorithm. Our simulation study tional blocks. The authors of [7, 9, 21] build upon this
is presented in Section 6, followed by the discussion of observation to optimize communication network topolothe results in Section 7. Section 8 concludes the paper. gies. For this purpose, they attack specific cases of the
algorithmic problem considered in this paper.
Krumov et al. [7] adapt a video streaming tree
2 Related Work
toward
a given target signature based on the motifs
This section discusses related work on motif analysis,
M
1
and
M 3 in Figure 1. The target signature was
network topology adaptation in general, and motifextracted
from a balanced tree. Adapting the graph
based topology adaptation in particular.
toward this target signature constructs a balanced tree
Motif Analysis Motif analysis has first been investi- in a distributed way. Using a set of two graph operations
gated in computational biology [23] and has since been that transform a rooted tree into another rooted tree,
applied to a variety of network types in biology and bio- the algorithm is limited to the specific constraint of
chemistry [20]. The underlying insight is that biological rooted tree adaptation.
In [9], Krumov et al. use the same methodology
and biochemical dynamics are statistically related to the
and
propose two algorithms to balance the load in the
occurrence of small functional blocks, which have spepeer-to-peer
overlays CAN [18] and Kademlia [14]. Both
cific graph structures. This insight is well captured by
algorithms
ensure
corresponding graph constraints by
motif signatures. The idea of functional blocks applies
exploiting
characteristics
of the optimized peer-to-peer
in domains beyond biology and biochemistry. For exoverlay.
The
algorithm
optimizing
CAN is integrated
ample, the authors of [15, 16] compare networks from
into
the
overlay’s
join
procedure:
When
a new node
different domains (e.g., biology, electrical engineering)
joins
the
topology
during
the
construction
process, the
and find that the motif signatures from different doalgorithms
decides
for
possible
join
locations
whether
mains may serve as a fingerprint of the respective dojoining
there
has
a
positive
impact
on
achieving
the
main. Among others, further studies analyze the motif
target
motif
signature.
As
soon
as
the
overlay
has
found
signatures of languages [2], social networks [5], reputaa suitable location, the algorithm interrupts the join
tion networks [33], and citation networks [8].
procedure. Then, the new node joins the network at this
Network Topology Adaptation The topology is an location. In a similar way, the optimization algorithm
essential element of any communication system. We for Kademlia intercepts the procedure of adding a new

incoming connection to a node. In the case that the
connection has no positive impact on the motif signature
of the node, the connection attempt is rejected. Then,
the overlay is enforced to search for an alternative
connection. Due to their passive characteristic, both
algorithms may only be used at construction time or in
scenarios where the system on its own is able to propose
suitable adaptations at runtime.
Schweizer et al. [21] propose kTC, a topology control algorithm for wireless ad-hoc networks. The main
goal of topology control is to remove edges from a
topology to allow nodes to reduce their transmission
range [31]. Basically, kTC breaks triangles in undirected
topologies. This corresponds to adapting a graph toward a motif signature that does not contain the motif
M 20 in Figure 1. kTC is limited to this specific motif
signature. Moreover, kTC is limited to wireless application scenarios because the algorithm only ensures the
constraint that the output topology is a connected subgraph of the input topology.
The discussed existing algorithms [7, 9, 21] are limited to specific motif signatures, systems or graph constraints. In contrast, we provide a generic algorithm
for the adaptation of graphs toward given motif signatures, thus facilitating motif-based rapid prototyping,
dynamic signature adjustment and topology transitions.
3

Basic Definitions and Problem Specification

This section provides basic definitions and formalizes
the considered adaptation problem.
Motifs A motif is a connected undirected or a weakly
connected directed graph. Typically, but not exclusively, motifs are very small (3 to 4 nodes) [1, 16]. For
a graph G(V, E) and a motif M , an occurrence of M
is a node-induced subgraph of G isomorphic to M [32].
For a given finite set M = {M1 , . . . , M` } of pairwise
non-isomorphic motifs, the motif signature s(G) of G
is a real-valued vector of size ` where the i-th entry is
the relative frequency of Mi in G, that is, the number of
occurrences of Mi divided by the total number of occurrences of all motifs in M. We define the distance ∆(x, y)
of motif signatures x and y of size ` as the Euclidean
distance between x and y.

node to its local neighborhood, e.g., for scalability and
robustness [29]. For a graph G(V, E), a node v ∈ V , and
a hop number k ∈ N, the k-neighborhood N (G, v, k) of
v in G is the subgraph of G induced by all nodes reachable from v via at most k hops, where directed as well as
undirected edges may be traversed in both directions.
Consistency-Maintaining Functions Let f be a
Boolean function that receives a graph as input. A
graph G fulfills f if f (G) is true. Let the hop number
k be given, and let flocal be a Boolean function that
receives two graphs N (V, E) and N 0 (V, E 0 ), and a node
v ∈ V as input. N must be a node-induced subgraph of
G, and all nodes in N must be reachable from v within
at most k hops. Then, flocal is consistency-maintaining
with respect to the constraint f if for any G, N , N 0 ,
and v as defined above the following holds. If G fulfills
f , and flocal (N, N 0 , v) is true, then the graph G0 that
results from replacing N in G with N 0 fulfills f as well;
more formally:
flocal is consistency-maintaining
:⇔ f (G) ∧ flocal (N, N 0 , v) ⇒ f ((G \ N ) ∪ N 0 ) .
The following examples illustrate this concept:
• Connectivity:
If for a connected graph G,
N (G, v, k) is replaced with a connected graph N 0 ,
then the resulting graph G0 remains connected.
• Tree structure: If a subgraph N (G, v, k) of a rooted
tree G is replaced with a tree N 0 with the same
local root (i.e., the same node has in-degree 0 in
N (G, v, k) and N 0 ), then the resulting graph G0
remains a rooted tree.
• Subgraph property: If N (G, v, k) is replaced with
N 0 ⊆N (G, v, k), then the resulting graph G0 is a
subgraph of G.

Problem Specification
Prerequisites: i) A set M = {M1 , . . . , M` } of motifs;
ii) a hop number k ∈ N that is greater than or equal to
the number of nodes in any Mi ; iii) a graph constraint
f and a corresponding consistency-maintaining adaptation constraint flocal .
`
Communication Networks In this paper, we con- Input: i) A target signature t ∈ R , ii) a graph G(V, E)
sider the application domain of communication net- that fulfills f .
0
0
works. A topology represents the graph structure of a Output: A graph G (V, E ) that fulfills f .
the distance between s(G0 ) and t,
communication network whose nodes represent devices, Objective: Minimize
0
and whose directed/undirected edges represent unilat- i.e., min ∆(s(G ), t).
eral/bilateral communication channels. Nodes typically Requirements on algorithms:
operate in a distributed way (e.g., in peer-to-peer over• The algorithm runs in a distributed way with one
lays [27]). It is beneficial to restrict the view of each
process on each node of G.

Algorithm 1 Local Motif-based Adaptation (LoMbA)
Input: k-neighborhood N (G, v, k), node v ∈ V , target signature t ∈ R`
1: Nsample ← GetSampleGraph(N, v, k, max nodes, target size)
2:
3:
4:
5:
6:
7:
8:
9:

Set<Iterator> its ← {RemoveIt(Nsample , v), AddIt(Nsample , v), MoveIt(Nsample , v)}
EOI ← GetEdgeOperationIndicator(Nsample , t)
// Equation (5.1)
List<Iterator> itOrder ← GetIteratorOrder(its, EOI, eoi threshold)

for it : itOrder do
if TryIterator(N, Nsample , v, t, it) then
// Algorithm 2
10:
break
// G has been adapted successfully

• The process on a node v ∈ V has only knowledge
about its k-neighborhood, as defined above.

• The function f is quite natural in general, and in
particular for the considered domain of communication networks. So, in contrast to many other
N P-completeness results, this one is not based on
“pathological” instances far from reality.

• A basic step of the process on a node v ∈ V is to replace the k-neighborhood N (G, v, k) by a graph N 0
on the same nodes where flocal (N (G, v, k), N 0 , v) is
true.
4

• The partition problem to be reduced is known to
be N P-complete for many other patterns besides
triangles. Moreover, there is a variety of N Pcompleteness results for restricted classes of graphs.
Therefore, our motif signature approximation problem is N P-hard for a broad range of cases. We
conjecture it is N P-hard for all but a few simple
special cases.

Complexity Analysis

In this section, we analyze the complexity of the aforementioned problem. We first consider the following inherent decision problem and show that
Theorem 4.1. Given a target motif signature t, a
consistency-maintaining function f , and a graph G,
deciding whether there exists a graph G0 such that
the target motif signature is perfectly matched is N Pcomplete.
Proof. The proof is conducted using the following reduction. The decision problem to be reduced is partition into triangles [6]. The input is an undirected
graph G̃(Ṽ , Ẽ). Without loss of generality, we assume that G̃ is connected and that |V | is divisible
by three. The problem is to decide whether or not
V partitions into disjoint triples {v1 , v2 , v3 } such that
{v1 , v2 }, {v2 , v3 }, {v1 , v3 } ∈ Ẽ. As the motif set M,
we take all undirected motifs on 3 nodes. There are
only the two motifs shown in Figure 1 in the undirected
case: paths of length two (M 10 ) and triangles (M 20 ).
The target signature puts full weight on triangles and
zero weight on the other motif. Function f accepts a
graph G(V, E) if and only if V = Ṽ , E ⊆ Ẽ, and each
node in V is incident to at least one edge in E. As
motifs are connected, the perfect matches of this motif
signature are exactly the partitions of G̃ into triangles,
which completes the reduction as well as the proof.

• The reduction does not make use of the requirements on algorithms stated in Section 1, i.e., the
problem remains N P-hard even if no requirements
are imposed at all. We may even restrict the problem to the case G := G̃.
5

Algorithm

We propose LoMbA (Local Motif-based Adaptation),
a generic heuristic for the problem stated in Section 3.
The algorithm is based on the following observation. If
each node v ∈ V adapts its k-neighborhood N (G, v, k)
toward t, the graph G adapts globally toward t. Each
node v ∈ V periodically executes Algorithm 1. The algorithm consists of two major steps: The search space
selection step enumerates a reasonable subset of modifications of N (G, v, k) (see Section 5.1). The operation
selection step selects a consistency-maintaining operation that adapts N (G, v, k) toward t (see Section 5.2).

5.1 Search Space Selection The search space selection step determines iterators over possible modiThe above theorem directly leads to the result that fications of G. Even for the limited k-neighborhood
the graph adaptation problem we defined is N P-hard. N (G, v, k) of a node v ∈ V , it is infeasible to iterate
In addition, we make the following remarks:
over all possible modifications of N (G, v, k). Thus, it is

Algorithm 2 TryIterator
Input: k-neighborhood N (G, v, k), sample graph Nsample ⊆ N , node v ∈ V , target signature t ∈ R` , operation
iterator it
1: f oundV alid ← false
// true after a consistency-maintaining operation is found
2: currentDistance ← ∆(s(Nsample ), t)
3: max steps ← ∞, done steps ← 0
4: while it.hasNext() ∧ done steps < max steps do
5:
op ← it.next()
// candidate operation for modifying G
6:
done steps ← done steps + 1
7:
N 0 ← CreateCandidate(N, op)
// does not modify N or G
8:
if flocal (N, N 0 , v) then
// checks if operation is consistency-maintaining
9:
f oundV alid ← true
0
10:
Nsample
← CreateCandidate(Nsample , op)
0
11:
if ∆(s(Nsample
), t) < currentDistance then
12:
G ← (G \ N ) ∪ N 0 , N ← N 0
// as improvement was found, modify G
// limit the number of subsequent steps
13:
if max steps = ∞ then
14:
max steps ← done steps
15:
done steps ← 0, currentDistance ← ∆(s(Nsample ), t)
16: return f oundV alid

important to keep the search space as small as possible.
For this purpose, the algorithm operates on a sample
subgraph of N (G, v, k), sticks to a limited set of graph
operations, and uses a heuristic to determine a reasonable order for the usage of these operations.
Sample Local View Even a local view of only a few
hops k may contain hundreds of nodes and edges. To
limit the search space of modifications, if the number of
nodes in the local view is larger than a given threshold
(max nodes), we compute a subgraph of N (G, v, k) to
build the optimization upon (Algorithm 1, line 1). The
computed subgraph shall be a representative sample of
the original graph while having bounded size in terms of
nodes and edges. To construct such a subgraph, we use
a method inspired by random walk graph sampling [11].
Starting from node v ∈ V that executes LoMbA,
we conduct multiple random walks over k hops each
until target size distinct nodes have been traversed.
Directed as well as undirected edges may be traversed in
both directions. Then, we compute the graph Nsample ⊆
N (G, v, k) that is induced by the set of traversed nodes.
As target size is a configurable constant, the size of
Nsample is bounded by a constant as well. The constant
target size may be chosen based on the computational
resources available on the target platform.

• Add-edge operation: v adds a not yet existing edge
to a 2-hop neighbor u ∈ V .
• Move-edge operation: v removes an edge and adds
an edge. For the selection of removable edges,
v follows the same rule as for the remove-edge
operation, but also considers edges incident to 1hop neighbors of v. For the selection of addable
edges, v follows the same rule as for the add-edge
operation.
It has been shown in [24] that these graph operations
are sufficient to describe most topology adaptations in
networking applications. Nonetheless, more complex,
application-specific operations could easily be added to
LoMbA.
Iterator Order To further reduce the search space,
each node v ∈ V analyzes only a subset of all possible
graph operations introduced before. For this purpose,
we use a simple heuristic (lines 5-6).
Initially, v decides which graph operation will be
most beneficial to achieve the target signature t. For
this purpose, v computes the edge operation indicator
(EOI):
P`
(5.1)

Graph Operations Each node v ∈ V restricts itself
to three graph operations (line 3):
• Remove-edge operation:
edge.

EOI =

i=1 (ti

− si (N )) · |E(Mi )|
`

In Equation (5.1), ti denotes the relative frequency of
motif Mi in the target signature, si (N ) gives the relative
v removes an incident number of occurrences of motif Mi in the input graph
N , and |E(Mi )| gives the number of edges contained in
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Figure 2: Target signature, original signature, and signature reached by LoMbA after 20 rounds (Scenario 3)
motif Mi . If EOI is considerably greater than 0, the average weighted amount of edges in the target signature
is greater than in N (G, v, k). This indicates that edges
should be added to N (G, v, k). Consequently, LoMbA
prefers an iterator that traverses all possible add-edge
operations (AddIt) based on Nsample . Analogously, if
EOI is considerably smaller than 0, v decides to remove
edges from N (G, v, k) (RemoveIt). If EOI is close to
0 (|EOI| ≤ eoi threshold), LoMbA prefers the moveedge iterator (MoveIt). The threshold for selecting the
move-edge operation (eoi threshold) should be chosen
very small. The rationale behind this is that the number
of possible move-edge operations is considerably larger
than the number of add-edge or remove-edge operations.
This makes the move-edge iterator more expensive in
terms of runtime than the other iterators.
Next, v calls the TryIterator procedure to conduct suitable graph operations based on the selected
iterator (lines 8-10). This procedure is introduced in detail in the next subsection. If none of the operations are
consistency-maintaining, TryIterator is called again
for the other iterators to extend the search space.
5.2 Operation Selection Based on the given iterator, TryIterator (Algorithm 2) performs consistencymaintaining graph operations that adapt N (G, v, k) toward the target signature. To assess a graph operation,
v ∈ V determines the candidate graph N 0 that would
result from applying the operation to N (G, v, k) (Algorithm 2, line 7). If N 0 violates flocal , the operation is
discarded. Otherwise, v compares the Euclidean distance to the target signature for the motif signature
0
of Nsample as well as the one of Nsample
(line 11). If
0
Nsample is closer to the target signature than Nsample ,
then v adapts G by replacing N with N 0 (line 12).
The operation assessment refers to the sample subgraph Nsample and not to the full local view N because
of the high computational complexity of counting motifs [32]. In contrast, the consistency-maintaining con-

straint flocal is checked based on N to guarantee constraint fulfillment. If a suitable operation is found, it is
likely that the iterator provides additional suitable operations. Thus, having walked done steps steps for finding the first operation, v repeatedly conducts another
done steps steps to assess further operations (lines 1315). If flocal is violated by all the operations, TryIterator returns false. As described in Section 5.1, LoMbA
will then extend the search space with additional iterators. If TryIterator finds at least one consistencymaintaining operation, the procedure returns true.
6

Simulation Study

This section introduces the considered application scenarios and the set-up of our simulation study.
6.1 Scenarios To be applicable in practice, the presented generic algorithm must be able to handle a large
range of graph classes and motif signatures. We consider three different application scenarios to provide a
representative evaluation.
Scenario 1—Topology Control in Wireless Adhoc Networks The first scenario is inspired by the
topology control algorithm kTC [21]. Conducting topology control in wireless networks has beneficial implications, e.g., enabling transmission range reductions [31].
We use unit disk graphs (UDGs) [10] to model wireless
networks. In a UDG, the nodes are deployed in a plane
and have circular transmission ranges. Two nodes are
connected by an undirected edge if and only if they are
within each other’s range. We exported UDGs from the
network simulator PeerfactSim.KOM [28]. We placed
the wireless nodes uniformly at random on a squared
plane with a side length of 2000 meters, using the simulator’s default transmission range settings. We considered only connected UDGs, and varied the number of
nodes between 500 and 5000. The basic idea of kTC
is to break triangles in the topology. Two undirected
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Figure 3: Distance to the target signature over the number of rounds for Scenarios 1-3
motifs with 3 nodes M = {M 10 , M 20 } (Figure 1) exist. The target signature t = (1.0; 0.0) represents all
topologies that contain no triangles. In this scenario,
flocal (N, N 0 , v) is true if N 0 is a connected subgraph of
N . flocal (N, N 0 , v) is consistency-maintaining with respect to the constraint f , which states that only nodes
within transmission range are adjacent in the graph. We
compare our algorithm with kTC.
Scenario 2—Balancing Video Streaming Trees
Krumov et al. [7] balance video streaming trees by
adapting a directed rooted tree toward a motif signature with directed motifs with 3 nodes. Only the motifs M 1 and M 3 (Figure 1) exist in such trees. These
motifs occur in a ratio θ = s(G, M1 )/ s(G, M3 ) in optimally balanced trees, where θ is based on the intended
number of successors per node. We compare LoMbA
with the algorithm by Krumov [7] for θ = 3.5, which
reflects optimally balanced trees aiming at 8 successors per node. Moreover, we varied θ for our algorithm to generate additional target motif signatures.
We used PeerfactSim.KOM [28] to run the video streaming system Transit [34] and exported video streaming
trees with 600 nodes. To conduct an evaluation of
LoMbA for even larger graphs, we additionally used random rooted trees with 10000 nodes as input topologies.
These trees were generated by sequentially appending
each node at a random parent node. We defined the
constraint flocal (N, N 0 , v) such that N 0 must be a rooted
tree with the same root node as in N . This constraint
is consistency-maintaining: It guarantees that G0 is a
rooted tree provided that G is a rooted tree.

Scenario 3—Load Balancing in Peer-to-Peer
Overlays The load in peer-to-peer overlays such as
Kademlia [14] is often unevenly distributed among the
peers. Krumov et al. [9] show that the load in Kademlia
can be distributed in a fair way by adapting the topology toward a certain target signature. This target signature contains 10 out of the 13 directed motifs with 3
nodes and is shown in Figure 2. Kademlia nodes possess
randomly chosen identifiers, and connect with selected
other nodes based on the so-called XOR metric, which
is defined on the identifier space. We extended PeerfactSim.KOM [28] by a Kademlia graph generator to
provide corresponding input graphs. In a first step, the
graph generator adds the specified number of nodes to
an initially empty graph. Then, the generator iterates
over all nodes and approximates a Kademlia topology
by adding suitable edges to E according to the XOR
metric. We varied the graph size from 250 to 2500
nodes. The adaptation constraint flocal (N, N 0 , v) ensures that Kademlia’s structure based on the XOR metric is preserved. We compare LoMbA with the original
algorithm, called MBO [9], which intercepts the procedure of adding edges to the overlay. For this purpose, we
implemented MBO as an extension of the above graph
generator.
6.2 Implementation and Set-up In practice, all
nodes in a communication network run asynchronously
and trigger themselves periodically to adapt their local
neighborhood [24]. We simulate this behavior by conducting adaptation rounds. In each round, each node
is triggered exactly once and in random order. In a
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Figure 4: Total runtime of algorithm execution including all nodes for Scenarios 1-3
real-world deployment, nodes might be triggered at the
same point in time. To avoid concurrent adaptation of
the same network region, our algorithm can be executed
in conjunction with a locking mechanism as the one presented in [19]. We implemented LoMbA and the triggering mechanism in the Java programming language.
Moreover, we implemented the ESU algorithm [32] to
iterate over all subgraphs of a given size, and the VF2
algorithm [3] to check if graphs are isomorphic. Building upon this, we determined the motif signature of a
graph by iterating over its subgraphs of the motif size,
and comparing the subgraphs to the given set of motifs.
The computations were conducted on a 64-bit
server with 26 cores (2.5GHz), 32GB of RAM, Ubuntu
14.04 and Java 8 Server VM. For each application
scenario, we configured LoMbA in the same way
(k = 2, max nodes = 50, target size = 30,
eoi threshold = 0.01) and repeated the computation for
20 different input graphs.
7

Results and Discussion

This section presents and discusses the results of our
simulation study. As defined in Section 1, the objective
is to minimize the distance from the motif signature of
the input graph G to a target signature t while ensuring a given graph constraint f . As LoMbA fulfills f
by conducting only consistency-maintaining operations,
this section focuses on the aspect of adapting G toward t. Section 7.1 shows that our generic algorithm
achieves this objective for each considered application
scenario. Moreover, Section 7.2 demonstrates the fea-

sibility of generic motif-based adaptation in terms of
computational overhead. Section 7.3 investigates further metrics that are of particular interest in the domain of communication networks. Finally, Section 7.4
discusses possible termination schemes for LoMbA.
All plots in this paper give averaged results over
20 different input topologies, and error bars denote the
standard deviation. The error bars are hardly visible in
some plots because the standard deviation is very small.
7.1 Achieving the Target Motif Signature Figure 3 shows the distance to the target signature over the
number of rounds for each scenario.
Scenario 1 For the wireless ad-hoc network scenario,
LoMbA perfectly achieves the given target signature
(see Figure 3a). The initial graphs have a distance to
t of slightly below 0.5. Based on the edge operation
indicator (see Section 5.1), LoMbA always decides correctly that edges should be removed rather than added
because only the motif with the fewest possible edges
(M 10 ) exists in t. Removing an edge from a triangle in
the local view of a node reduces the distance from this
node to t. As no new triangles (M 20 ) may be formed
by removing an edge from G, the distance to t never increases for any node in the network. Consequently, the
graph eventually has the motif signature t. As soon as
the target signature has been achieved, the graph is not
modified anymore. The required number of rounds for
achieving t depends on the density of the initial graph,
which increases with the number of nodes because of a
fixed plane size. The reason for this is that the target
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Figure 5: Maximum local runtime observed for any node
topology is a sparse graph where all triangles have been
removed. Consequently, the higher the density of the
initial graph, the more edges need to be removed. The
application-specific algorithm kTC [21] achieves the target signature in exactly one round, independent of the
network density. This is achieved by iterating over all
triangles found in the topology and removing the longest
edge from each triangle. It is important to note that
kTC has three unfavorable properties: i) The signature is fixed. ii) kTC is unable to consider constraints
apart from the subgraph constraint, which is tailored
to the wireless application domain. Triangle breaking
has also been used in other domains (e.g., P2P topology
mismatching [13]) with different topological constraints.
kTC may not be used in these domains. iii) As kTC
is unable to add edges, a re-execution of the algorithm
based on the full topology is required whenever the input topology changes. LoMbA addresses these three
issues with acceptable overhead introduced.

topology with 10000 nodes. The extreme case is θ = 0,
which reflects a chain of nodes. Even this case is tackled successfully by LoMbA in less than 15 rounds. In
general, as adding or removing single edges destroys the
tree property of the input graph, LoMbA relies solely on
the move-edge operation to adapt the graph.

Scenario 3 The goal in the third scenario is to adapt
Kademlia topologies toward the target signature t depicted in Figure 2. As shown in Figure 3c, the distances from the input topologies to t range from 0.48
to 0.78. For each number of nodes, LoMbA achieves
continuous distance reductions. Figure 2 shows the target signature and, exemplarily for the topology with
500 nodes, the original signature and the reached signature. LoMbA adapts the frequency of each individual motif almost perfectly toward t. A direct comparison of LoMbA with the original algorithm MBO [9] is
impossible because MBO adapts the network already
at construction time, while LoMbA adapts the network
Scenario 2 For the video streaming scenario, LoMbA continuously in a round-based way. However, we comreduces the distance to the target signature to less than pare the topology constructed by MBO with the topol0.06 for each configuration (see Figure 3b). Achieving ogy adapted by LoMbA after a reasonable number of
crucial distance reductions in the first round, LoMbA rounds. For this purpose, we included MBO into our
even outperforms the specialized tree adaptation algo- Kademlia graph model. For 500 and 2500 nodes, the
rithm [7] for both types of graphs (random trees of size application-specific algorithm MBO is superior in terms
10000 and Transit [34] trees with 600 nodes). In the of the achieved motif signature: The output graphs of
subsequent rounds, LoMbA still achieves slight improve- MBO have a distance of 0.025 and 0.022 for 500 nodes
ments. The signature θ = 3.5 reflects a balanced tree and 1000 nodes, respectively. For these graph sizes, the
of low height. To evaluate LoMbA for further signa- distances of LoMbA’s output graphs after 21 rounds
tures, we also investigated smaller values of θ for the range from 0.035 to 0.069, still reflecting distance re-
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Figure 6: For Scenarios 1 and 3, relative number of edges added/removed from round to round; for Scenario 2,
number of performed move-edge operations
ductions of about 94% and 90%, respectively. However,
it is important to state that MBO may only be used in
combination with Kademlia because MBO is inherently
tailored for Kademlia’s procedure of adding new connections. While the general idea of forbidding unsuitable connections might be generalized to other systems,
MBO inherently relies on the system to propose possible
topology adaptations due to its passive characteristic.
7.2 Runtime Figure 4 gives the total runtime (i.e.,
the sum of all nodes’ individual execution times) for
each application scenario. First of all, we observe
that the runtime is feasible in all considered cases. In
most configurations, the runtime for individual nodes is
far below 1 second in average. As decision-making of
each node v ∈ V depends only on its k-neighborhood
N (G, v, k), the runtime of v is independent of the
network size |V | and instead depends on the density of
N (G, v, k). A practical consequence is that the runtime
reduces from round to round for Scenarios 1 and 3.
The target motif signatures of these scenarios facilitate
sparse networks. Thus, getting closer to the target
signature results in executing LoMbA on a graph with
lower density. The best example is Scenario 1, where
the total runtime is close to 0 in the final rounds before
reaching the target signature.
The highest runtime of one round for Scenario 1 was
5758 seconds (5000 nodes), which reflects slightly more
than one second for individual nodes in average. The
reason for this comparably large runtime is that the

corresponding input graphs have a very high average
node degree of about 63. For Scenario 3, the highest
round time was 6153 seconds (2500 nodes), again being
caused by the high density of the initial topology. In
contrast, Scenario 2 has small runtimes because of a
rather low density of the input graphs.
The comparison with the related work demonstrates
again the price one has to pay for generality. The
lower runtimes of the specialized algorithms kTC [21]
and the tree adaptation algorithm [7] can be explained
by the fact that these algorithms only have to analyze
the modifications specific to their motif signature and
graph constraints. MBO [9] and LoMbA have a similar
computational overhead. However, given that topology
adaptations are executed only occasionally based on the
degree of network dynamic (e.g., two times per hour in
case of sensor networks [22]), the runtime overhead is
almost negligible for all considered algorithms.
7.3 Further Metrics This subsection discusses further metrics that are of particular interest in the domain
of communication networks.
Load Distribution Figure 4 shows that LoMbA introduces negligible overhead in terms of runtime for the
network as a whole. Figure 5 additionally shows that
not only the average overhead but also the maximum
overhead observed for any individual node is feasible.
This demonstrates that LoMbA is able to distribute the
load among the nodes in a fair way.

Performed Graph Operations Figure 6 shows which
operations are used by LoMbA to adapt the network
topology. In particular, this helps to understand why
the runtime of LoMbA varies from round to round.
In Scenario 1, the graph density drops fundamentally,
leading to a corresponding drop in the runtime. In
Scenario 2, only the move-edge operation may be used
to adapt the graph. The average density of the graph
remains constant, thus leading to only small changes
in the runtime per round. In Scenario 3, all graph
operations are used to adapt the graph. However, the
corresponding target motif signature also facilitates a
sparse graph structure.
7.4 Termination As shown in Figure 3 and discussed in the previous subsections, LoMbA adapts the
input graph G toward the target motif signature t in a
small number of rounds. It would be desirable to stop
the algorithm once convergence to t has been achieved.
LoMbA runs in a distributed way, and each node may
only compute the motif signature of its k-neighborhood.
Therefore, it is unfortunately impossible to stop the algorithm automatically when the target signature has
been achieved globally for G. However, a node may
decide locally to stop triggering of LoMbA as soon
as the target signature has been achieved for its kneighborhood. Moreover, the variance of convergence
time is very small for a specific scenario and configuration (note that the standard deviations in Figure 3 are
hardly visible). Thus, based on experience of earlier executions, it would also be possible to stop the algorithm
after a predefined number of rounds. Finally, a node
may also decide to stop the algorithm as soon as the
distance improvement compared to the previous round
is below a given threshold.
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Conclusion

In this paper, we proposed the generic algorithm
LoMbA, which adapts graphs in a distributed way toward arbitrary target motif signatures while ensuring
given graph constraints. We proved that this problem
is N P-hard. The simulation study shows that our algorithm tackles the problem remarkably well: In each
of the three different application scenarios from the domain of communication networks, LoMbA achieves a
close adaptation toward the target signature in a small
number of rounds.
Thanks to its generality, LoMbA facilitates the use
of motif-based graph adaptation in novel future use
cases, such as motif-based rapid prototyping, dynamic
signature adjustment and topology transitions. In addition, LoMbA might be useful in application domains
beyond communication networks. For example, motif-

based graph adaptation may be applied to optimize
complex business processes [30], where nodes and edges
represent activities and their dependencies, respectively.
In future work, we will optimize SmartGrid data
aggregation topologies [12]. In this context, the generality of our approach allows for optimizing the aggregation topology dynamically either for high user privacy
or low network load based on the current requirements.
Moreover, we will switch between different SmartGrid
topologies at runtime to modify the aggregation scheme.
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