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ABSTRACT
We document an open-source toolbox for drawing large-scale undirected graphs. This toolbox is based on a previously
implemented closed-source algorithm known as VxOrd. Our toolbox, which we call OpenOrd, extends the capabilities of
VxOrd to large graph layout by incorporating edge-cutting, a multi-level approach, average-link clustering, and a parallel
implementation. At each level, vertices are grouped using force-directed layout and average-link clustering. The clustered
vertices are then re-drawn and the process is repeated. When a suitable drawing of the coarsened graph is obtained, the
algorithm is reversed to obtain a drawing of the original graph. This approach results in layouts of large graphs which
incorporate both local and global structure. A detailed description of the algorithm is provided in this paper. Examples
using datasets with over 600K nodes are given. Code is available at www.cs.sandia.gov/∼smartin.
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1. INTRODUCTION
Graph drawing is used to visualize relational data, typically in two dimensions.1, 2 Some applications of graph drawing
include social network analysis,3 scientific literature analysis,4, 5 cartography,6 and bioinformatics.7, 8 There are a variety
of algorithms available for graph drawing, each of which optimizes a different set of aesthetic criteria. Some examples of
aesthetic criteria include minimizing the number of edge crossings, minimizing total edge length, and maximizing separa-
tion between vertices. For undirected graphs drawn with straight line edges, one of the most commonly used algorithms is
force-directed layout.9–13

In this paper, we document a graph drawing algorithm specialized for drawing large-scale real-world graphs. Our
algorithm uses edge-cutting, average-link clustering, multilevel graph coarsening, and a parallel implementation of a force-
directed method based on simulated annealing. Related algorithms for force-directed layout exist, including algorithms
taking a multilevel approach;13–16 algorithms which include node clustering;16–18 and algorithms implemented using a
parallel GPU architecture.19, 20 However, our algorithm is the only one available which incorporates all three of these
ideas: a multilevel approach, node clustering, and a parallel implementation (note that our parallelism is cluster based,
instead of GPU based). In addition, we introduce a heuristic for edge-cutting, designed to allow visualization of graphs
which may not have a desirable degree distribution (often found in real-world graphs).

Our algorithm is based on a previous force-directed algorithm called VxOrd.21, 22 This new version, OpenOrd, is
described in the following pages. In Section 2, we give the motivation for our modifications of VxOrd. In Section 3,
we describe the various parts of our algorithm, including force-directed layout; layout in parallel (3.2); recursive graph
coarsening (3.3); and average-link clustering (3.4). In Section 4, we demonstrate some of the properties of our algorithm
using applications to several real-world datasets, including a 659K vertex Wikipedia article dataset. Finally, in Section 5,
we provide our conclusions. Code for OpenOrd is available at http://www.cs.sandia.gov/∼smartin.
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Figure 1. Tangled global structure. Shown here on the left (a) is the Swiss roll dataset, consisting of 20,000 points sampled at random
from the Swiss roll manifold.29, 30 In the middle (b) is a force-directed layout of the graph obtained from the Swiss roll using 20 nearest
neighbors using VxOrd. Only nodes are plotted and the graph is colored to illustrate the tangling of the global structure. On the right (c)
the correctly drawn graph is shown, produced using the multilevel version of OpenOrd.

2. MOTIVATION
OpenOrd is a force-directed layout algorithm specialized to handle very large graphs, such as those encountered in a sci-
entific literature citation analysis.4, 5 It is based on an implementation of the Frutcherman-Reingold algorithm11 known as
VxOrd,22 which has been used previously in scientific citation analysis23–25 and in the analysis of bioinformatics data.26–28

OpenOrd represents our effort to scale VxOrd to very large graphs (greater than 100K vertices).

We have identified three problems associated with scaling the VxOrd force-directed layout algorithm to large graphs,
which we describe in this section as our motivation for the subsequent algorithm in Section 3. First, the ability of the algo-
rithm to correctly uncover the global structure of the layout decreases with the size of the graph. This effect undoubtedly
varies depending on the degree distribution of the nodes, but it apparent even for relatively simple mesh-like graphs. To
illustrate this phenomenon, we used the Swiss roll data set originally introduced in the field of nonlinear dimension re-
duction.29, 30 This dataset was designed to demonstrate the inadequacies of linear methods for dimension reduction (since
linear methods cannot project the Swiss roll without error). In our case, we use this dataset only as an example – our
algorithm is for graph drawing, not dimension reduction. We imposed a graph on 20,000 points sampled from the Swiss
roll manifold using 20 nearest neighbors and drew the graph using VxOrd. The results are shown in Figure 1(a,b). The
inability of force-directed layout to correctly uncover global structure was also noted in previous work,13, 31 where it was
shown that a multilevel approach could be used to alleviate the effect. Thus we include a multilevel strategy in OpenOrd.

Second, we have found that the use of force-directed layout with large real-world graphs often results in visually
unappealing layouts. Often these graphs are sparse but still well-connected (i.e. not scale-free) so that the resulting
drawing looks fully connected. An example using a 6,147 node graph with 61,646 edge imposed on Yeast microarray data
(fully described in Section 4) is shown in Figure 2(a). Although the graph has only 61,646 edges (0.3% of the number
possible), it looks fully connected. To encourage more visually appealing layouts, we use an edge-cutting strategy to
encourage clustering of the nodes. This can be seen as a trade-off between the two competing forces in the force-directed
layout and is described in Section 3.1.

Finally, the Frutcherman-Reingold approach to force-directed layout has a high running time (on the order of O(n2)
in the number of nodes n). This is of course a major constraint in the application of force-directed layout to large graphs.
The running time can be improved using a grid based density calculation, and by employing a multilevel approach. We
implement both of these options, and also include an option to use parallel computation in OpenOrd.

3. ALGORITHM
As mentioned in Section 2, OpenOrd is based on the Frutcherman-Reingold algorithm for force-directed layout,11 previ-
ously implemented as VxOrd.22 To provide background, we describe that algorithm here, with modifications described
in the following subsections. Suppose we have an undirected weighted graph G = (V,E), where the vertices are given by
V = {v1, . . . ,vn} and the edges are given by E = {ei j}. Let W = (wi j) be the adjacency matrix corresponding to the graph
G so that edge ei j has weight wi j. Since the graph is undirected, we know that wi j = w ji so that W is symmetric.



The goal of OpenOrd is to draw G in two dimensions. Let xi = (xi,1,xi,2) denote the position of vi in the plane. OpenOrd
draws G by attempting to solve

minx1,...,xn ∑
i

(
∑

j

(
wi jd(xi,x j)2)+Dxi

)
, (1)

where Dxi denotes the density of the points x1, . . . ,xn near xi. The sum in (1) contains both an attractive and a repulsive
term. The attractive term ∑ j(wi jd(xi,x j)2)) attempts to draw together vertices which have strong relations via wi j. The
repulsive term Dxi attempts to push vertices into areas of the plane that are sparsely populated.

The minimization in (1) is a difficult nonlinear problem. For that reason, we use a greedy optimization procedure based
on simulated annealing. Our procedure is greedy in that we update the position of each vertex by optimizing the inner sum
∑ j(wi jd(xi,x j)2)+Dxi while fixing the positions of the other vertices. All vertices are initially placed at the origin, and the
update is repeated for each vertex in the graph to complete one iteration of the optimization. The iterations are controlled
via a simulated annealing type schedule which consists of five different phases: liquid, expansion, cool-down, crunch, and
simmer.

During each stage of the annealing schedule, we vary several parameters of the optimization: temperature, attraction,
and damping. These parameters control how far vertices are allowed to move. At each step of the algorithm, we com-
pute two possible vertex moves. The first possible move is always a random jump, whose distance is determined by the
temperature. The second possible move is analytically calculated (known as a barrier jump22). This move is computed as
the weighted centroid of the neighbors of the vertex. The damping multiplier determines how far towards this centroid the
vertex is allowed to move and the attraction factor weights the resulting energy to determine the desirability of such a move.
Of these two possible moves, we choose the move which results in the lowest inner sum energy ∑ j(wi jd(xi,x j)2)+Dxi .

The annealing schedule is determined by how much time is spent during each stage and the behavior of the optimization
is determined by adjusting the various parameters. The default schedule spends approximately 25% of its time in the liquid
stage, 25% in the expansion stage, 25% in the cool-down stage, 10% in the crunch stage, and 15% in the simmer stage. The
liquid, expansion and cool-down stages all use the same temperature but vary the attraction factor and damping multiplier.
The crunch and simmer stages use a lower temperature (approximately 1/4 the temperature used during liquid, expansion,
and cool-down), as well as lower attraction and damping. The annealing schedule was determined through extensive
experimentation on various datasets (including the yeast dataset described in Section 4). The experiments were carried out
via an interactive visualization environment so that each the effects of the parameters could be observed at each stage of
the annealing process. Qualitatively, the expansion stage allows the largest movements in terms of attraction and damping,
the liquid stage allows the next largest movements, and the cool-down, crunch, and simmer stages all restrict movement.

Finally, we use a grid based method for computing the density term Dxi . Ordinarily, the density calculation would
be O(n2), but by using a grid for the density calculation, we can reduce the cost to O(n), with memory use increasing
according to however many grid boxes we use in our calculation. This coarsening, however, may cause inaccuracies due
to the fact that density varies discontinuously along grid lines. For this reason, the density grid is not used during the final
simmer stage.

3.1 Edge-Cutting
In order to produce visually appealing layouts, we have developed a heuristic which allows user control of the amount
of node clustering and white space present in the layout. To control node clustering, our heuristic affects the relative
importance of the two competing terms in the objective function in Equation (1). To control white space we allow the
ability to ignore certain long edges during the optimization of the objective function. In fact, both node clustering and
white space can be simultaneously controlled by ignoring, or cutting, the long edges.

As mentioned previously, the term ∑ j(wi jd(xi,x j)2) in the objective function from Equation (1) serves to attract nodes
with large weight connections, while the term Dxi is repulsive and discourages high average node density, or clusters. It
is the relative importance of the two terms which determines the degree of clustering in a layout. If the attractive term
dominates, less clustering is expected; if the repulsive term dominates more clustering will occur. Cutting long edges
during the optimization decreases the value of the attractive term and therefore allows an increase in the value of the
repulsive term, thus providing control over node clustering in the layout.

White space can be controlled by the number of long edges that we use in our calculation. Edges that are long but have
large weight can exert undue influence on distant clusters, causing two groups to be placed on top of each other when a



more appealing layout might be obtained if they were allowed to separate. Cutting long edges during optimization allows
clusters to separate. It also improves the final drawing since these edges extend across the entire layout and therefore
obscure the finer structure present in the drawing. (This effect can be enhanced by using edge transparency in the final
rendering, but must be present in the calculation to avoid placing clusters on top of each other.)

Edge-cutting in OpenOrd is specified using a fraction from 0 to 1. An edge-cutting value of 0 corresponds to the
standard Frutcherman-Reingold layout algorithm (no cutting), while an edge-cutting value of 1 corresponds to aggressive
cutting. Edge-cutting is allowed during the expansion and cool-down stages of the annealing schedule. At the beginning of
these two stages, a threshold is specified as a percentage of the greatest distance between two nodes in the drawing. This
percentage is controlled by the edge-cutting parameter, with a value of 0 being 100% of the greatest distance and a 1 being
0% of the greatest distance. Edge-cutting is subject to the constraint that each node must have at least one edge. During
the expansion and cool-down stages, an edge will be cut if its distance is greater than the threshold.

The edge-cutting parameter does not correspond to the fraction of edges that will be cut. Depending on the input
graph, the edge-cutting parameter may have very little effect, since a graph may be unlikley to have long edges during
optimization (often the case for meshes). However, for real-world graphs the edge-cutting parameter can have a major
influence on the layout of the final graph, and will be explored in Section 4.

3.2 Parallel Force-Directed Layout
OpenOrd can be run on both serial and parallel computers. The parallel version is similar to the serial version. Both use the
same greedy update and follow the same annealing schedule. In the parallel version, however, the updates are performed
in parallel instead of sequentially.

The parallel force-directed layout algorithm in OpenOrd starts by assigning each processor a random non-overlapping
subset of the nodes of the graph. The processor keeps track of its assigned vertices as well any neighboring vertices. All
processors keep track of the positions of each vertex so that each processor can maintain an identical copy of the density
grid.

Each processor is responsible for moving its assigned vertices so as to optimize the objective function in Equation (1).
Since each processor knows the positions of the assigned vertices, as well as the positions of neighboring vertices, the
vertex positions can be updated using the same greedy procedure that was used in the serial version of the algorithm. After
each vertex update, position information is exchanged among the processors and the process continues to completion.

In addition to increased computational speed, the parallel version of OpenOrd has the advantage that it can distribute a
very large graph across many processors, thus using a computer with a huge amount of effective memory. This is feasible
because any given graph will have many more edges than vertices. Further, by maintaining the same greedy update
procedure and simulated annealing schedule, the results of both the serial and parallel version of OpenOrd are similar. The
performance of the two algorithms as well as differences in output are discussed in Section 4.2.

3.3 Multilevel Graph Layout
Using OpenOrd in parallel allows the layout of very large graphs. Edge-cutting enhances the visual appeal of the layouts.
However, the layouts still suffer from the potential for incorrect global structure as described in Section 2 using the Swiss
roll. To address this concern, we adapted the multilevel approach taken by Walshaw13 to OpenOrd. Walshaw’s procedure
proceeds as follows. First, a sequence of graphs G0 = G,G1, . . . ,GL is produced using a random coarsening procedure.32

In the coarsening procedure, neighboring vertices are merged at random, and their edge weights are added if two neighbors
have another neighbor in common. This process is repeated until a sufficiently small graph GL is obtained. The graph GL is
drawn using a force-directed algorithm. The vertex placement in the drawing of GL is used as a starting point for drawing
the graph GL−1. If, for example, vertices u and v in GL−1 were merged into w in GL then u and v are placed in the position
formerly occupied by w in the drawing of GL. The force-directed algorithm is again applied to obtain a drawing of GL−1
and the process is repeated.

Walshaw’s method is very fast and is demonstrated to work well on large graphs.13 We use Walshaw’s approach with
an additional refinement. Instead of a random coarsening procedure, we use a clustering based coarsening procedure
(described next). Of course, we also use OpenOrd as the force-directed layout. Otherwise, we use the procedure outlined
in the previous paragraph and described in more detail by Walshaw.13



Using our force-directed layout algorithm requires additional adjustments to accommodate the simulated annealing
schedule and allow the use of edge-cutting in the multilevel approach. After obtaining a sequence of coarsened graphs
G0, . . . ,GL, we follow Walshaw by producing a layout of GL with default edge-cutting, using the standard annealing
schedule. During refinement, we place the vertices as done in Walshaw,13 again using default edge-cutting, but modifying
our annealing schedule to avoid the liquid stage and minimizing the expansion stage. We also eliminate the simmer
stage during refinement. The final layout is produced using more aggressive edge-cutting and includes the simmer stage.
Surprisingly, our experiments indicate that our multilevel layout method works well for datasets ranging in size from 6K
to 850K vertices, even using the same annealing schedule/edge-cutting parameters. Experiments performed and datasets
used are described in Section 4.

3.4 Average-Link Clustering
In our multilevel layout algorithm, we use average-link clustering to provide the coarsened graphs G0 = G,G1, . . . ,GL.
Our clustering algorithm is based on a average-link agglomerative model, where we use both edge weights and distance to
provide clusters. Distances are taken from a drawing by our force-directed layout algorithm. Once clusters are determined,
we merge all the vertices in a given cluster to obtain a vertex in the new coarser graph. Edges are merged according to the
method described previously.

In describing our method, let us assume that we are coarsening G0 to obtain G1. Obtaining the remaining coarsened
graphs is done using the same procedure. The first step in our clustering algorithm is to draw G0 using maximum edge-
cutting with our force-directed layout algorithm. This step provides us with a proxy representation that can be used to
provide distances between vertices, in addition to the edge weights defining G0. Maximum edge-cutting encourages the
layout algorithm to produce a naturally clustered representation (see Section 4.3 for an example).

Next we produce a new undirected weighted graph G̃0 whose edges are computed according to the distances in our
drawing of G0. Edges in this graph include any edges not cut by the layout algorithm along with the largest weight edges
for each node in G0. We include the largest weight edges to ensure a connected graph. The edge weights in G̃0 are no
longer the original edge weights provided in G0; they are now the distances between connected vertices in G̃0.

Our derived graph G̃0 can be used in an agglomerative clustering algorithm. The algorithm that we use is a form of
average-link hierarchical clustering.33, 34 In this algorithm, each vertex is initially assigned to a unique cluster. Clusters are
then merged with neighboring clusters, as measured by distance between cluster centroids. Traditionally, this process is
repeated until everything has been merged into a single cluster. In our algorithm, however, we provide a distance threshold
after which we discontinue forming new clusters. The distance threshold in the average-link clustering can be provided by
the user.

Alternatively, the threshold can be automatically selected by OpenOrd. The automatic selection is done by locating
the point on the plot of normalized rank vs. normalized distance in G̃0 at which the slope is 45◦. Rank is computed by
sorting the edge values in G̃0; normalized rank is rank normalized to range from 0 to 1. Distance is given by the actual
edge value in G̃0; normalized distance is distance normalized to range from 0 to 1. For real-world datasets, we have found
the normalized rank vs. distance curve to often provide a good cut-off for the average-link clustering when the slope is 45◦

(this threshold often falls between .9 and .95 in terms of normalized rank).

4. EXAMPLES
We have benchmarked OpenOrd on several datasets. As mentioned in Section 2, we have used a microarray gene expression
experiment generated in the study of the cell cycle in yeast.35 This dataset has been previously tested with the VxOrd
precursor to OpenOrd.22, 27 The data consists of simultaneous measurements of 6,147 genes over 18 time points. A graph
structure was imposed on the data by taking for each gene the top 10 genes most highly correlated over time. This produced
a graph with 6,147 nodes and 61,646 edges. We use the yeast dataset to demonstrate the effect of edge-cutting and the use
of parallel computation with OpenOrd.

We have also used an incarnation of the Swiss roll dataset,29, 30 with a sample of 20,000 points and a graph imposed
using the 20 nearest neighbors of each point. We used the Swiss roll dataset to examine the multilevel capabilities of
OpenOrd. In addition, we have used a large dataset from the Wikimedia foundation (http://www.wikimedia.org) to further
test the multilevel capabilities. This dataset was collected and processed by B. Herr et al.36 using Wikipedia articles from



Figure 2. Edge-cutting on yeast. Shown here from left to right we have layouts of Spellman’s yeast microarray dataset35 with (a) no
cutting (parameter value 0), (b) default cutting (parameter value 0.8), and (c) maximum cutting (parameter value 1). The effect of the
edge-cutting parameter on the attractive and repulsive terms in the objective function from Equation (1) is shown in (d). The edge-cutting
parameter is varied from 0 to 1 on the x-axis and a normalized energy value is shown on the y-axis. As described in Section 3.1, the
attractive term decreases as edges are cut, allowing an increase in the repulsive term, and therefore encouraging clustering.

Figure 3. OpenOrd in parallel. Here we provide a qualitative comparison of the results of OpenOrd using 1, 2, 4, 8, 16, and 32 processors.
In (a) we show the serial (1 processor) layout. We draw only nodes for clarity, and we color the layout by quadrant using blue, black,
green, and red. In (b-f) we show the 2, 4, 8, 16, and 32 processor layouts, respectively. These layouts are colored using the same colors
obtained from the single processor layout in (a). In (g) we show the computational speed up using more processors.

the year 2007 (see http://scimaps.org/maps/wikipedia). The dataset consists of 659,388 Wikipedia articles connected by
16,582,426 hyperlinks.

Finally, we have performed parameter testing in OpenOrd on many additional datasets. These datasets include 8,712
journals from the year 2003 taken from Thomson Scientific (http://scientific.thomson.com/isi) Institute of Scientific In-
formation (ISI) Journal Citation Reports and linked with 98,705 edges;37 a 32,776 document dataset focused on solid
state lighting taken from ISI over the past 25 years and linked using 222,626 co-citation similarities;38 a 218,716 article
dataset taken from the first quarter of the year 2003 in the ISI database and linked using 1,821,976 co-citation similarities;
and finally a 849,888 article dataset taken from the year 2004 in the ISI database and linked using 5,843,729 co-citation
similarities. We used these datasets to examine the effects of the various parameters on different sizes and types of data.

4.1 Edge-Cutting
Edge-cutting in OpenOrd is specified using a fraction from 0 to 1. An edge-cutting value of 0 corresponds to the standard
Frutcherman-Reingold layout algorithm (no cutting), while an edge-cutting value of 1 corresponds to aggressive cutting.
Aggressive cutting promotes clustering but will not cut every edge. The default value for edge-cutting in OpenOrd is 0.8.
We demonstrate the effects of edge-cutting on the layout of Spellman’s yeast data35 in Figure 2.

To produce the plot in Figure 2(d), we computed the total attractive term ∑i, j(wi jd(xi,x j)2)) and the total repulsive
term ∑i Dxi for 11 layouts of the yeast data, using edge-cutting parameter values 0,0.1, . . . ,0.9,1. The plots compares



the attractive and repulsive terms normalized to lie between 0 and 1. As discussed in Section 3.1, the attractive term
decreases as edges are cut, thus allowing an increase in the repulsive term, and therefore encouraging clustering. As was
also discussed in Section 3.1, cutting the long edges provides additional white space in the drawings. These effects are
apparent in Figure 2(a-c).

4.2 Serial vs. Parallel
OpenOrd can be run in either serial or parallel mode. The algorithm in either case is the same, but the results in parallel are
not guaranteed to be identical to the results in serial. Hence our first test of OpenOrd in parallel was to assess the potential
difference between the two modes. For this test we again used Spellman’s yeast data.35 We ran OpenOrd on the yeast data
with 1, 2, 4, 8, 16, and 32 processors. The 1 processor case is the serial version.

We compared the outputs of each run by computing a similarity metric sε(U,V ) ∈ [0,1], where U,V are two layouts of
the same m-node dataset {x1, . . . ,xm}. The metric is computed by first constructing neighborhood incidence matrix NU,ε

and NV,ε , where N•,ε is an m×m matrix N•,ε = (ni j), with

ni j =
{

1 if ‖xi−x j‖< ε

0 otherwise .

Now
sε(U,V ) =

NU,ε ·NV,ε

‖NU,ε‖‖NV,ε‖
,

where NU,ε ·NV,ε is the dot product of NU,ε and NV,ε , when both matrices are considered to be vectors of length m2. This
metric is bounded between 0 and 1, with larger values indicating greater similarity. It is a modification of a previously
proposed similarity metric.39

For our calculations, we scaled each layout U and V to lie in the area [0,1]× [0,1] and used ε = 0.1. We obtained
an average similarity of 0.72 for the parallel layouts with the serial layout. The average neighborhood size was 24 nodes.
In addition to this metric, we compared the outputs of each run qualitatively, as shown in Figure 3(a-f). Our metric
computations show that the local structure of the layout is preserved during the parallel calculations, and the qualitative
results show that the global structure is also preserved. In addition to providing similar results, the parallel version of
OpenOrd also offers a computational speed up, as shown in Figure 3(g).

4.3 Multilevel Layout
As discussed previously, the Frutcherman-Reingold algorithm does not scale well to very large graphs. In addition to high
running time, the algorithm will often confuse the global structure of the input, as demonstrated using the Swiss roll data
in Figure 1(a,b). In the Swiss roll data, the drawing is correct on a local scale but tangled on a global scale. To achieve
better results, OpenOrd uses multilevel graph coarsening,13 with various modifications as described in Section 3.3.

We first demonstrate our results using coarsening by revisiting the Swiss roll dataset. Using coarsening with 9 levels
and no edge-cutting, we obtained the globally correct layout of the Swiss roll shown in Figure 1(c).

Next we demonstrate the results of the multilevel approach by producing a layout of 659,388 Wikipedia articles from
the year 2007. This layout was computed using 6 levels of recursion and is shown in Figure 4. The approach uses aggresive
edge-cutting and clustering during coarsening, followed by repeated applications of the standard OpenOrd layout algorithm
during refinement. Without coarsening, OpenOrd will draw the same graph as a uniformly dense, highly connected, and
visually unappealing ball.

4.4 Parameter Testing
The layout algorithm used in OpenOrd has a host of parameters governing the behavior of the resulting layout, including
random starting seed, simulated annealing optimization schedule, and the edge-cutting parameter. When using the layout
algorithm in the multilevel mode, we must adjust these parameters according to the current stage of coarsening or refining
so that layout continuity is preserved as we progress. In this section we benchmark our selection of parameters using a
multitude of datasets.



Figure 4. OpenOrd recursion. Here we show a layout of a 659,388 Wikipedia article dataset from the year 2007. The ultimate layout
is shown in the center of the figure. The various layouts produced during the recursive procedure are shown around the outside edges
of the final layout. Proceeding counterclockwise from 11 o’clock to 6 o’clock, we show layouts produced using the graph coarsening
process. From 5 o’clock to 1 o’clock we show the layouts produced during refinement.

The results of our benchmarking efforts are shown in Table 1. Despite the diversity of datasets, we found that a common
set of parameters provided good layouts using the multilevel mode. These parameters are provided as defaults in the code at
www.cs.sandia.gov/∼smartin. The datasets, their sizes, and the level of recursion used are all shown in Table 1. Running
times are also provided to give the user some indication of the effort required for a given dataset size. The times were
obtained using a 3.4 GHz Intel Xeon workstation with 4 GB of RAM.

5. CONCLUSIONS
In this paper we have documented a collection of algorithms (OpenOrd) available for drawing large graphs. The focus
of these algorithms is on real-world datasets such as those encountered in scientific literature and biological applications.
Our approach is based on the Frutcherman-Reingold force-directed approach.11 This approach has been refined using
simulated annealing and grid based computation to obtain a practical algorithm which has been demonstrated to work well
on real-world datasets.23–28 However, the algorithm produces visually unappealing and globally inaccurate layouts for
large datasets. We have addressed the problem of visual appeal using edge-cutting and the problem of global inaccuracy
using a multilevel approach with average-link clustering to capture real-world global structure.

We have demonstrated the behavior of OpenOrd on various datasets, including yeast microarray data,35 scientific
journal data,37 scientific literature data,38 and Wikipedia articles.36 We have determined appropriate default parameters



Parameter Testing

Dataset Nodes Edges Level Time

Yeast 6,147 61,646 3 1:29
Journals 8,712 98,705 3 2:13
Swiss Roll 20,000 400,000 9 4:01
Solid State Lighting 32,776 222,626 4 7:16
Quarter Year ISI 2003 218,716 1,821,976 5 1:09:36
Wikipedia 659,388 16,582,426 6 3:39:23
Full Year ISI 2004 849,888 5,843,729 7 3:40:23

Table 1. Parameter testing. Different datasets used to benchmark default parameters for the multilevel version of OpenOrd are listed in
the first column. The second and third columns contain the dataset size, the fourth column contains the level used, and the fifth column
shows the time required to run on a workstation (hours:mins:seconds).

that can be used on differently sized datasets and have provided those defaults in our open source code, available at
www.cs.sandia.gov/∼smartin. Finally, the algorithm has been adapted for use on parallel computers for extremely large
datasets.
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