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Abstract
Network bandwidth is a major bottleneck for the performance
of HPC workloads. Load balancing techniques are required that
distribute traffic over multiple parallel paths to avoid that some
links become overly congested. In this work, we focus on deter-
mining the paths between every node pair in the network such
that the links of the network are used as uniformly as possible.
These paths then facilitate an adequate load balancing.

We propose a problem formulation for the optimal set of paths
and also introduce an efficient algorithm that approximates these
optimal paths. We analyze how well this heuristic algorithm per-
forms at balancing the link usage in the network and demonstrate
that a very uniform link usage can be obtained. We also show
how these balanced paths reduce the congestion of the links in
HPC networks. This analysis is done for networks of different
types and sizes, assuming basic and advanced load balancing
techniques.
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1 Introduction
In recent years, the computing power deployed in data centers
has increased immensely. This has allowed the emergence of
AI models trained on huge data sets. As a result, the network
bandwidth has become a major bottleneck in High-Performance
Computing (HPC) clusters [2, 16].

Traditionally, HPC clusters often have a Clos-based [8] net-
work topology. More recently, topologies with lower diameter
have been proposed which are more cost-effective and reduce
the latency in the network. Examples of such topologies are
Dragonfly [11], Slimfly [4], Polarfly [12], which asymptotically
approaches the Moore bound [9], and Jellyfish [13], which uses
random graphs for its structure.

To balance the traffic load in the HPC network and avoid con-
gested links, traffic from a source node 𝑖 to a destination node
𝑗 is sent over multiple parallel paths, via flow splitting [1] or
packet spraying. How to deal with the technological implications
of packet spraying is described in the recent Ultra Ethernet stan-
dard [14]. An SDN switch stores the different parallel paths in
its flow table.
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A problem with the parallel paths in low-diameter topologies
is that there is often only one or a few shortest paths between a
pair of nodes [3]. This makes the popular routing strategy Equal
Cost Multipath (ECMP) [10] unsuited for these topologies, as
it only spreads traffic over shortest paths. Therefore, routing
strategies must be considered that also use the almost-shortest
paths in the network.

When the paths are determined between all node pairs, they
are used as input for a load balancing algorithm. The load balanc-
ing decides how much traffic from node 𝑖 to node 𝑗 is sent over
the different available paths from 𝑖 to 𝑗 . Popular load balancing
mechanisms like ECMP or UGAL [7] use local decisions, while
we consider load balancing based on global decisions. In this
context, global means that we use information on the entire state
of the network.

In this work, we investigate ways to determine multiple paral-
lel paths between each node pair in the network. We keep track
of how often each link in the network has been used by different
paths and try to balance the global link usage as well as possible.
In Section 2, the network model is defined and the problem state-
ment is introduced of what are considered to be optimal paths. In
Section 3, we define a baseline algorithm and improve upon this
baseline to obtain pathfinding algorithms that approximate the
optimal solution of the problem defined in Section 2. In Section
4, we analyze how well the pathfinding algorithms can balance
the paths in the network and also look how these balanced paths
can improve the congestion in the HPC network.

2 Problem definition
2.1 Network model
We model the HPC network as a graph 𝐺 = (𝑉 , 𝐸). Each node
𝑣 ∈ 𝑉 represents one switch in the network. Each edge represents
a direct link between two nodes in the inter-switch network. We
consider directed links, so an edge {𝑢, 𝑣} means that there is a link
from node𝑢 to node 𝑣 and also a link from node 𝑣 to node𝑢. Note
that the switches are also connected to the endpoints/servers in
a rack, typically ∼40 endpoints per rack, but we do not consider
these individual endpoints. In our model, the traffic from the
endpoints is aggregated in the switch and we are only concerned
with the traffic in the inter-switch network, so not the traffic
between endpoint and switch. We call the number of nodes in
the graph 𝑛 = |𝑉 | and the number of links𝑚 = 2|𝐸 |.

Each node pair [𝑖, 𝑗] has a collection of 𝑘 edge-disjoint paths
from 𝑖 to 𝑗 associated with it. Traffic from node 𝑖 to node 𝑗 is sent
over (some of) these 𝑘 paths, according to weights 𝑤𝑖, 𝑗,𝑥 . The
weight 𝑤𝑖, 𝑗,𝑥 corresponds to the fraction of the traffic between
node 𝑖 and node 𝑗 that is sent over the 𝑥 th path out of the 𝑘
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possible paths. All weights corresponding to one node pair must
therefore sum up to one:

∑𝑘
𝑥=1𝑤𝑖, 𝑗,𝑥 = 1, ∀𝑖, 𝑗 . The distribution

of these weights is crucial for adequate load balancing in the
system.

The focus of this research is to determine 𝑘 edge disjoint paths
for every node pair, such that the usage of the links in the net-
work is spread along all the paths as uniformly as possible. An
algorithm that finds such 𝑘𝑛(𝑛−1) valid paths is called a pathfind-
ing algorithm. The more uniformly the links in the network are
used, the less likely it is that any link becomes heavily congested
when traffic is sent over all the paths. Note that the pathfinding
algorithms have no knowledge about traffic in the network, they
only consider the topology.

2.2 Optimal path selection
To enforce a uniform distribution of the links, we introduce
a metric called path count of a link [𝑢, 𝑣], defined as 𝑃𝑢,𝑣 =∑

𝑖, 𝑗∈𝑉
∑

𝑥≤𝑘 Γ
𝑖, 𝑗,𝑥
𝑢,𝑣 , where Γ𝑖, 𝑗,𝑥𝑢,𝑣 is 1 if link [𝑢, 𝑣] occurs in the

𝑥 th path of node pair [𝑖, 𝑗], and is 0 if not. A link with a high
path count is more likely to be congested, so for an optimal load
balancing in the system, we want to minimize the maximal path
count over all links in the network.

The value of 𝑘 is a trade-off that must be made. More parallel
paths means more options to send traffic over different paths and
therefore a better chance of balancing the load in the network.
If 𝑘 is smaller, a load balancing algorithm that determines the
weights of the paths will work faster due to the smaller number of
paths it has to take into account. Another advantage of a small 𝑘
is that fewer weights have to be updated in the Network Interface
Cards (NICs) every reconfiguration period. This results in a lower
configuration time and the network can therefore react more
quickly to changes in the network traffic. Moreover, it has been
shown that a small number of parallel paths can be sufficient for
load balancing in an HPC network [5]. The average path length,
and therefore the latency, will also increase with higher 𝑘 , but
this effect is minimal because a decent load balancing algorithm
will generally give more weight to shorter paths.

There is typically much freedom to determine the 𝑘 paths,
although they have to adhere to some constraints. First, they
must be edge-disjoint. The idea behind sending traffic from node
𝑖 to node 𝑗 over multiple paths is that the intermediate links could
become too congested if only a single path is used. However, if
multiple paths share one or more links, these common links are
still at higher risk of becoming congested, defeating the point of
having multiple paths. Second, the paths must use as few hops
as possible. On the one hand, longer paths have a higher latency,
which might negatively impact the performance of the system.
On the other hand, if the paths use more links, the potential
for congestion in the network increases. The 𝑘 shortest paths
between a given node pair [𝑖, 𝑗] can be obtained with a basic
single-commodity minimum-cost flow (MCF) problem, where a
flow of 𝑘 needs to go from node 𝑖 to node 𝑗 and each link has
capacity 1 and cost 1. The capacity 1 guarantees that the paths
are edge-disjoint. The constant cost 1 guarantees that the total
number of links used in the 𝑘 paths is minimal for this node pair.

The MCF problem described above gives guarantees for edge-
disjointness and shortest path lengths locally for every node pair.
If we just solve 𝑛(𝑛 − 1) MCF problems independently for each
node pair, we get valid paths we can use for the load balancing in
the HPC network. However, we have no guarantees on how often
each link is used by different paths and how uniform the total link

usage will be. A globally uniform link usage is exactly what we
want to obtain in this research, so we need a more global problem
formulation than these 𝑛(𝑛 − 1) independent MCF problems.
We could try to model the problem as a multi-commodity MCF
problem, where all 𝑛(𝑛 − 1) node pairs have a flow 𝑘 that needs
to be routed. However, to allow a link to be used by paths of
different node pairs, its capacity needs to increase. In this case,
one node pair could also use this extra capacity to send more
than one path through a certain link, which would violate the
edge-disjointness of paths belonging to one node pair. Additional
constraints would need to fix this issue, which would make the
problem more complex than a standard multi-commodity MCF
problem.

We introduce the Globally Balanced All-to-All Min Cost Flow
(GBAMCF) problem. In this formulation, we combine the 𝑛(𝑛−1)
MCF problems of every node pair, but make them into constraints
rather than optimization problems themselves. The model has
𝑛(𝑛 − 1)𝑚 binary variables, where 𝑥𝑖, 𝑗,𝑒 is 1 if the link 𝑒 is used
in one of the 𝑘 paths of node pair [𝑖, 𝑗] and it is 0 if it is not used
by this node pair.

The 𝑛2 (𝑛 − 1) constraints (2) are the flow constraints which
can also be found in a standard MCF problem. The set of edges
arriving in a node 𝑢 is denoted by 𝐼 (𝑢) and the set of edges
departing from 𝑢 is denoted by 𝐼 ∗ (𝑢). The function 𝛿𝑥,𝑦 equals
1 if 𝑥 = 𝑦, else 0. These flow constraints thus make sure, for a
given node pair [𝑖, 𝑗], that each intermediate node 𝑢 has as much
flow arriving into it as there is flow departing from it, giving a
net zero flow. For the source node 𝑖 , a net flow of 𝑘 is departing
and for the destination node 𝑗 , a net flow of 𝑘 is arriving.

The 𝑛(𝑛 − 1) constraints (3) correspond to what is originally
the objective function of each individual MCF problem. However,
here we assume that the individual MCF problem has been solved
for each node pair [𝑖, 𝑗] and that the optimal value is stored
in MCF𝑖, 𝑗 . By making these individual objective functions into
constraints where they have to equal their respective optimal
solutions, we enforce that the 𝑘 paths for any node pair [𝑖, 𝑗]
correspond to some optimal solution of the MCF problem, and
therefore use the minimum required number of links. Note that
without these constraints, the objective value 𝑃𝑚𝑎𝑥 might be
improved. However, we impose the minimal path lengths to
guarantee a low latency in the network, which is not reflected in
the objective value, but still important in real systems.

The𝑚 constraints (4) define the meaning of the variable 𝑃𝑚𝑎𝑥 ,
the maximal path count in the network. In these constraints, the
number of paths in which a link 𝑒 occurs are counted. This could
be defined as 𝑃𝑒 , the path count of the link 𝑒 , but instead we
leave the definition of 𝑃𝑒 implicit and immediately enforce that
the maximal path count 𝑃𝑚𝑎𝑥 should be greater than or equal
to every 𝑃𝑒 , de facto setting it equal to the maximal 𝑃𝑒 . When
𝑃𝑚𝑎𝑥 is minimized, we have the optimal solution to the GBAMCF
problem. The set of directed links in the network is denoted as
𝐸∗.

Objective function:

Minimize: 𝑃𝑚𝑎𝑥 (1)

Constraints:∑︁
𝑒∈𝐼 (𝑢 )

𝑥𝑖, 𝑗,𝑒 −
∑︁

𝑒∈𝐼∗ (𝑢 )
𝑥𝑖, 𝑗,𝑒 = 𝑘 (𝛿𝑢,𝑗 −𝛿𝑢,𝑖 ) ∀𝑖, 𝑗, 𝑢 ∈ 𝑉 : 𝑖 ≠ 𝑗 (2)

∑︁
𝑒∈𝐸∗

𝑥𝑖, 𝑗,𝑒 = MCF𝑖, 𝑗 ∀𝑖, 𝑗 ∈ 𝑉 : 𝑖 ≠ 𝑗 (3)
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𝑖, 𝑗∈𝑉 :𝑖≠𝑗

𝑥𝑖, 𝑗,𝑒 ≤ 𝑃𝑚𝑎𝑥 ∀𝑒 ∈ 𝐸∗ (4)

𝑥𝑖, 𝑗,𝑒 ∈ {0, 1} ∀𝑖, 𝑗 ∈ 𝑉 : 𝑖 ≠ 𝑗,∀𝑒 ∈ 𝐸∗ (5)

3 Pathfinding algorithm
Because of the high number of variables and constraints, the
GBAMCF problem becomes infeasible to solve optimally even
for small networks. We therefore introduce a heuristic algorithm
that gives a valid solution in reasonable time. We start with a
baseline algorithm that gives a valid but low quality solution. We
then introduce different ways to improve the solution until it
converges to a high quality solution with highly balanced path
counts.

For the algorithm, we revisit the idea of the 𝑘 paths between a
node pair [𝑖, 𝑗] being the solution to a single MCF problem. We
define 𝑆𝑖, 𝑗 as the set of edges making up the solution of the MCF
problem that finds the 𝑘 paths between a node pair [𝑖, 𝑗]. In the
baseline, we solve all 𝑛(𝑛 − 1) MCF problems independently. In a
solution using the baseline algorithm, it is possible that some link
𝑒1 is used by some path in almost all node pairs, while some other
link 𝑒𝑚 is used by very few node pairs. This typically happens
because the link 𝑒1 has a lower index in the adjacency lists of the
network graph. During the MCF algorithm, the lowest indexed
link is chosen in case of a tie. This baseline algorithm is called
multi-MCF.

The problem where the algorithm is biased to prefer links with
a lower index is easily mitigated by introducing randomness. This
means that a random link is chosen in case of a tie, instead of
the lowest indexed link. Although we can now statistically avoid
the extremely high path counts for the links with a low index,
we still have no explicit way to keep a global balance in the
path count. This extension of the baseline algorithm is called
multi-MCF-random.

For further improvement, we no longer treat the 𝑛(𝑛 − 1)
MCF problems as independent problems. When solving the MCF
problem for some node pair [𝑖, 𝑗], we replace the constant link
costs by dynamic link costs. Each link now gets a cost 1 + 𝑃𝑒𝛿 ,
where 𝑃𝑒 is the path count of the link for all paths of other node
pairs that have already been determined, and 𝛿 is a small constant.
The value of 𝛿 should be sufficiently low so that

∑
𝑒∈𝑆𝑖,𝑗 𝑃𝑒𝛿 is

always smaller than 1, otherwise we lose the guarantee that this
MCF problem returns paths with a minimal total length. For
example, 𝛿 = 1

𝑛2𝑚
would be fine, as there are only 𝑛(𝑛 − 1) node

pairs so 𝑃𝑒 ≤ 𝑛(𝑛 − 1) < 𝑛2 for every link, and |𝑆𝑖, 𝑗 | is upper
bounded by the number of links in the network𝑚 as we only have
edge-disjoint paths. In conclusion,

∑
𝑒∈𝑆𝑖,𝑗 𝑃𝑒𝛿 =

∑
𝑒∈𝑆𝑖,𝑗

𝑃𝑒
𝑛2𝑚

< 1,
so we keep the guarantee of having the shortest paths in the
solution to each individual MCF problem. By making link costs
higher for links that are already used a lot by paths in previous
node pairs, we force the MCF algorithm to prefer links that are not
yet being used a lot. This algorithm is called multi-MCF-penal,
because the heavily used links are penalized.

To finalize the pathfinding algorithm, we make better use of
the dynamic link costs. The main problem with the current situ-
ation is that the dynamic costs only give valuable information
when a significant amount of paths have already been deter-
mined. At the start of the algorithm, there is no information, so
the first selected paths might be far from optimal. This can be
solved by making our algorithm cyclic. When the algorithm has
found all 𝑘𝑛(𝑛 − 1) paths for the entire network, we just start
over with all the information we currently have. We delete the

𝑘 paths we had before between nodes 𝑖 and 𝑗 and determine 𝑘
new paths for this node pair, using the dynamic link costs based
on the entire solution we currently have. When this process is
repeated for many cycles, the solution converges to a high quality
solution where the path counts of all links in the network are
very balanced. This algorithm is called multi-MCF-cyclic.

The heuristic pathfinding algorithm is efficient because it only
needs to solve successive MCF problems. An MCF problem can
be solved quickly, for example using the Busacker-Gowen al-
gorithm [6] with a worst-case time complexity of 𝑂 (𝑘𝑛𝑚). An
MCF problem must be solved for all 𝑛(𝑛 − 1) node pairs, giving a
total worst-case time complexity of 𝑂 (𝑘𝑛3𝑚) for the first three
algorithms, and 𝑂 (𝑐𝑘𝑛3𝑚) for multi-MCF-cyclic if 𝑐 cycles are
done.

4 Analysis
In this section, we analyze the performance of our pathfinding
algorithm for the GBAMCF problem. We focus on the Dragonfly
network with 510 nodes, abbreviated to DF510, for our elaborate
analysis. Keeping in mind the benefits of a low 𝑘 presented in
Section 2.2, we fix the number of parallel paths between each node
pair to 𝑘 = 4. In the final subsection, we look at the implications
of the balanced paths for the actual congestion in the network. In
this flow-level analysis we consider networks of different types
and sizes.

4.1 Balancing path counts
For the DF510 network, the runtime of one pathfinding algorithm
(or one cycle in multi-MCF-cyclic) is 10 minutes (C++ imple-
mentation, g++ compiler with -Ofast flag, executed on an Intel
E5520 2.2GHz CPU). The paths are precomputed, so this is not a
time-critical step. Still, the pathfinding algorithms have potential
for parallelization to decrease the runtime for larger networks.

Figure 1 shows the distribution of path counts for the links
in the DF510 network. If a link has a path count 1000, there will
be a bar at the value 1000 on the x-axis and the more links that
have path count exactly 1000, the higher this bar will be. Instead
of showing the number of links that have this exact path count
on the y-axis, the relative contribution is shown of links with
this path count. This means that if one link has path count 1000,
its bar will be ten times higher than the bar of another link that
has path count 100. This is done to normalize the plots, so that
they all add up to one if the bars of one plot were added. Either
way, these plots show for each algorithm which paths counts are
present in the solution and if so, how often they occur.

When using the baseline algorithm multi-MCF, it can be seen
that the path counts are very unbalanced. Some links have a path
count of more than 3000, while other links are used by fewer
than 100 node pairs. These links with the highest path count are
at severe risk of getting congested if the paths of this solution are
used to route traffic in an HPC network, making it a bottleneck
in the system. The links with the lowest path count will likely be
underused, which is a waste of resources.

Adding randomness to the baseline algorithm already im-
proves the situation a lot, as can be seen in the plot for multi-MCF-random.
Every link now has a path count of less than 1000. There is a high
peak of links that have a path count just below 1000 so there are
many potential links which can form a bottleneck when these
paths are used for routing.

Finally, we consider multi-MCF-penal, the algorithm that pe-
nalizes the overly used links. There is no longer a peak near
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Figure 1: Distribution of path counts for the pathfinding algorithms multi-MCF, multi-MCF-random, and multi-MCF-penal.

1000, so fewer links are at risk of forming a bottleneck. How-
ever, the highest path count 𝑃𝑚𝑎𝑥 is now 1153, which is higher
than for multi-MCF-random. As stated in the previous section,
multi-MCF-penal only performs well when many paths have
already been determined. The high maximal path count is due
to many suboptimal decisions being made in the early stages of
the algorithm, when little information is known, so the dynamic
link costs 1 + 𝑃𝑒𝛿 are not yet effective. Exactly this problem is
what we solve with the final algorithm, multi-MCF-cyclic.

Figure 2 shows the distribution of path counts for the links
in the same DF510 network, but now for multi-MCF-cyclic.
Each plot shows the situation after 𝑐 cycles are completed. This
means that the plot for 𝑐 = 1 shows the same data as the plot for
multi-MCF-penal in Figure 1, as these algorithms are exactly
the same if only one cycle is done.

Note that we now make a distinction between two types of
links, intra-group links and inter-group links. This is a property
inherent to the Dragonfly network. The 510 nodes in the DF510
network are placed in 51 groups of 10 nodes. The 10 nodes in one
group are fully interconnected, meaning that they all have a direct
(intra-group) link to every other node in the group. All the other
links in the network are inter-group, connecting two nodes of
different groups and thus ensuring full connectivity throughout
the network. We did not explicitly consider this distinction in
link type when conducting our experiments, but it automatically
appeared in the form of two separate peaks in the histogram. To
confirm that the two link types in the network correspond to the
peaks in the histogram, we gave them a different color. It can be
seen that the algorithm naturally separates the intra-group links
from the inter-group links, even though it just takes a graph as
input, without any information on different link types.

From the solution it can be seen that the inter-group links
are used more often than the intra-group links and are therefore
likely to be more congested. This can be dealt with by clever
job placement, meaning that jobs that communicate heavily are
placed on endpoints whose switches are in the same group [15].
The HPC network can also be designed such that the inter-group
links are links with a higher bandwidth than the intra-group
links, because more traffic is expected to be routed over them.

As the number of cycles increases, the path count distribution
converges to two separated peaks. This can already be seen after
1 cycle, although the peaks are not very high and there is still
overlap. After 2 cycles, the solution quality has improved a lot
and it keeps improving as more cycles are done. After more than
20 cycles, the algorithm has almost converged and it finally ends

with a solution where 𝑃𝑚𝑎𝑥 equals 715. The height and narrow-
ness of the peaks show that multi-MCF-cyclic performs well
at balancing the path counts and minimizing 𝑃𝑚𝑎𝑥 , therefore
making it a suited heuristic algorithm for the GBAMCF problem.
The mathematical objective of minimizing 𝑃𝑚𝑎𝑥 of course origi-
nates from the problem of load balancing in the HPC network.
In the next subsection, we investigate how the balanced paths
can improve the congestion in the HPC network in different
scenarios.

4.2 Congestion minimization
The reason why nodes 𝑖 and 𝑗 have 𝑘 different paths between
them, is to avoid congested links as much as possible. If the total
amount of traffic in the network is low and there are no congested
links, the traffic from node 𝑖 to node 𝑗 will just be sent over the
shortest path(s) out of the 𝑘 possible paths. However, if some link
𝑒 is already congested due to a high traffic load of other nodes
in the network, node 𝑖 will not send its traffic to node 𝑗 over a
path that contains link 𝑒 , even if this path is the shortest. Which
fraction of traffic from node 𝑖 to node 𝑗 is sent over which of the 𝑘
paths is determined by the weights𝑤𝑖, 𝑗,𝑥 . These 𝑘𝑛(𝑛−1) weights
in total are crucial for minimizing congestion in the network.

We consider two ways of determining𝑤𝑖, 𝑗,𝑥 . The first scenario
is a basic uniform weight distribution. In this setting, all weights
are equal to 1

𝑘
, thus conforming to the constraint

∑𝑘
𝑥=1𝑤𝑖, 𝑗,𝑥 = 1,

∀𝑖, 𝑗 . The advantage of this technique is its simplicity. The net-
work strives for balance by evenly spreading out the traffic over
the 𝑘 paths for every node pair. No overhead goes to the recon-
figuration of the switches in the network when the weights are
updated, as the weights always stay the same. However, by re-
maining constant, the weights are oblivious to the traffic demand
in the network. Note that this scenario is similar to ECMP rout-
ing, but now the traffic is evenly spread over the 𝑘 predetermined
paths, some of which are not necessarily shortest paths, while
ECMP spreads the traffic only over shortest paths.

In the second scenario, we choose the optimal weights for
minimizing the congestion in the network. For these weights, an
optimization problem must be solved where we minimize the
congestion of the most congested link in the network. This opti-
mization problem is specific to the 𝑘𝑛(𝑛−1) paths determined by
the pathfinding algorithm, as well as the specific traffic demands
between all 𝑛(𝑛 − 1) pairs of nodes. The performance of this
technique is evidently better than in the first scenario, as it is
optimal for the given paths and traffic demands, but this comes
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Figure 2: Distribution of path counts for multi-MCF-cyclic after different amounts of cycles 𝑐.

at a high computational cost. For large networks, the optimiza-
tion problem for determining the weights takes a long time to
solve. If the traffic demands in the HPC network change more
quickly than the weights can be calculated, they will no longer
be optimal.

These two scenarios show two extremes, the uniform method
being very basic and the optimal method being the solution of
a complex problem. In practice the solution will be somewhere
in between, with suboptimal weights that can be calculated ef-
ficiently and take into account the traffic demands as well as
possible. Such methods are out of scope for this paper.

The goal of this subsection is to investigate to which extent
paths that score better on the GBAMCF problem, also result in a
lower congestion in the network. We focus on paths given by the
pathfinding algorithms from Section 3. We use the two scenarios
described above to obtain weights 𝑤𝑖, 𝑗,𝑥 and use these weights
for the congestion analysis. Networks of different types and sizes
are considered. For each network, we generate a random traffic
demand, where the traffic sent from a node 𝑖 to a node 𝑗 is a uni-
form random integer between 0 and 7. This value represents the
bandwidth required for the traffic. The exact unit is not relevant,
as we only compare the values relative to each other within one
network. Table 1 shows the load of the most congested link in
the network for the different parameters.

We first focus on the congestion in the DF510 network, as we
can easily link these conclusions to the results from Section 4.1.
For uniform path weights, the relative congestion performance
of the different pathfinding algorithms is highly similar to that of
their respective maximal path counts. This shows that the maxi-
mal path count, which is optimized in the GBAMCF problem, is
a good metric for predicting the congestion in a network, at least
under the common uniform random traffic pattern. For optimal
path weights, multi-MCF-cyclic still performs best, but the dif-
ference in congestion is now only a few percent compared to the

baseline. This shows that the optimal path weights can to a great
extent cope with the imbalance of link usage by the paths and thus
result in a congestion that is almost equal to the congestion under
balanced paths. We also observe that multi-MCF-penal has a bet-
ter congestion for optimal path weights than multi-MCF-random,
while it was the other way around for the uniform path weights.
A possible explanation for this is the high peak of path counts just
under 1000 for multi-MCF-random, while multi-MCF-penal has
fewer links with such a high path count, despite the maximal
path count being higher. It is thus easier for the optimal path
weights to mitigate congestion issues for the few links with a
high path count in multi-MCF-penal than for the many links
with a high path count in multi-MCF-random.

The same analysis is done for the Dragonfly network with 114
nodes (DF114), the Polarfly network with 307 nodes (PF307), and
the Slimfly network with 722 nodes (SF722). Again, the perfor-
mance of the pathfinding algorithms regarding maximal path
count is well reflected in the uniform path weights. For optimal
path weights, the difference in congestion for the non-baseline
algorithms is even smaller compared to the DF510 network, being
less than 0.1% in the PF307 and SF722 network.

5 Conclusion
In this paper, we propose the GBAMCF problem for obtaining
balanced paths for routing in an HPC network. We construct
pathfinding algorithms and show that these algorithms give a
solution that performs well on the GBAMCF problem. Our ex-
periments show that the balanced paths have the potential to
decrease the congestion in an HPC network where a weight is
given to each path. For the load balancing in a real-world HPC
network, the quality of the path weights will be somewhere in
between the quality of the uniform and the optimal path weights.
The optimal path weights are not realistic to determine in a short
time, while any decent load balancing algorithm should be able
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Table 1: Load of the most congested link in the network

Network DF114 PF307 DF510 SF722
Path weights uniform optimal uniform optimal uniform optimal uniform optimal

multi-MCF 535.0 136.14 821.5 120.75 2721.75 370.55 1635.25 193.54
multi-MCF-random 302.25 135.59 217.25 119.48 895.5 367.89 319.75 192.94
multi-MCF-penal 349.0 134.23 239.0 119.46 987.25 363.37 339.25 192.96
multi-MCF-cyclic (20 cycles) 256.75 133.61 190.25 119.46 679.5 360.57 275.25 192.94

to outperform the basic uniform scenario. The impact of the
pathfinding algorithms on the network congestion is expected to
inversely follow the quality of the path weights: a high impact
for low quality, close-to-uniform path weights and a lower, but
non-negligible impact for high quality, close-to-optimal weights.
The more dynamic the traffic in the network is, with quickly
changing demands, the less time a load balancing algorithm has
to calculate decent path weights, thus the more important the
GBAMCF problem and the well-balanced paths become for the
routing in the network.
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