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Abstract
Distributed-memory graph applications are dominated by com-

munication and synchronization overheads. For such applications,
the communication pattern comprises of variable-sized data ex-
changes between process neighbors in a process graph topology,
which unlike process grid for rectangular problems is difficult to
optimize for enhancing the locality in a sustainable fashion.
Process assignment or remapping can improve the communi-

cation performance, however, existing solutions mostly caters to
cartesian process topologies and not the graph topology. In this
work, we propose application and topology agnostic process remap-
ping strategies for graph applications. For two communication
intensive distributed-memory graph applications (graph clustering
and triangle counting), we demonstrate up to about 45% improve-
ments in the overall MPI communication times through various
remapping methodologies via SST-based packet-level simulations
on Dragonfly and Fat Tree based network topologies and validate
the strategies empirically on NERSC Perlmutter supercomputer.

1 Introduction
Distributed-memory graphworkloads. Iterating over vertices

and the associated edges of a graph in some order is a fundamental
pattern in graph applications, one that leads to communication in
the distributed-memory context because neighboring vertices can
be owned by another process (which might be some network hops
away from the current process)–edges whose endpoints are owned
by different processes1 are referred to as cross edges. This type of
communication is often considered as an “adversarial” pattern due
to the incast flows (multiple messages converging towards the same
endpoint). Since real-world graphs are multifarious, relative pro-
cess affinities transform as the graphs are distributed over varied

1By process or rank, we refer to an MPI process.

number of processes, often leading to disparity in the communi-
cation. Even with an efficient graph partitioning, insufficient map-
ping/assignment can lead to arbitrary communication variability
in modern network interconnects. The default strategy for process
assignment to processor cores usually follows a shared-memory
(SMP) style block placement, i.e., consecutively numbered MPI pro-
cess ranks are placed sequentially on the same node. Fig. 1 captures
the impact of standard SMP-style process placement, which may
lead to an increased network traffic.
Existing work. Past approaches have either focused on pro-

cess remapping for cartesian grids [2, 3], graph/mesh partition-
ing [1, 5, 9, 14] and process topology/neighborhood collectives
optimizations [8, 11, 13, 15] in Message Passing Interface (MPI).
Although the MPI topology creation routines provide an argument
for remapping processes, most MPI implementations treat it as a
no-op [8]. Performance tools such as CrayPAT [4] can automatically
generate rank orders from application runs through introspection,
but it only works consistently for regular cartesian domains.
Our approach.We posit that generating a rank-order is a one-

time effort, which can be reused by various graph applications
executing on the same process topology, even across platforms. To
generate custom rank mappings, we access the process graph in
certain order. We explore the consecutive vertex neighborhoods
in the implicit process graph in parallel to generate the process
reorder list (adjacent vertices are sorted in ascending order of their
labels). This approach is scalable, because each MPI rank traverses
its local process subgraph (only the processes it communicates
with). Another variant considers the cross edges in the actual input
graph between adjacent vertices in the process graph as weights,
and, the vertex neighbors are traversed according to the order of
their weights, as shown in Algorithm 1. The difference between the
regular and weighted variants is the order that neighboring vertices
(in the process graph) are listed for rank placement. We propose
weighted variants (regular, ascending and descending) in this work,
also comparing with random process placement.
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Figure 1: Importance of considering non-standard process assignment for graph workloads.



Figure 2: Simulation results of process remapping strategies on Dragonfly and Fat tree topology for two graphs on 1024 processes.

Algorithm 1 Generate process reordering based on the #cross edges.
Input:𝐺𝑖 = (𝑉𝑖 , 𝐸𝑖 ) , (undirected) graph𝐺𝑖 in rank 𝑖 , root rank.
Output: R, reordered process list.

1: count ← {0} {optional, size of #processes}
2: for 𝑣 ∈ 𝑉𝑖 do
3: for 𝑢 ∈ adj(𝑣) do {Neighbors of 𝑣}
4: if 𝑜𝑤𝑛𝑒𝑟 (𝑢 ) ≠ 𝑖 then
5: 𝑖 𝑓 𝑜𝑤𝑛𝑒𝑟 (𝑢 ) ∈ R⇒ R← R ∪ 𝑜𝑤𝑛𝑒𝑟 (𝑢 )
6: 𝑐𝑜𝑢𝑛𝑡 [𝑜𝑤𝑛𝑒𝑟 (𝑢 ) ] += 1 {optional}
7: R← 𝑠𝑜𝑟𝑡 (R, 𝑐𝑜𝑢𝑛𝑡 ) {optional}
8: R← MPI_Gatherv (R, root = 0)
9: if 𝑟𝑎𝑛𝑘 == 𝑟𝑜𝑜𝑡 then
10: Remove duplicates in R

2 Evaluations
Simulation setup & platform.We used the packet-level par-

allel discrete event simulator Structural Simulation Toolkit SST-
Macro [10] version 12.0; Dragonfly and Fat tree topology details are
in Fig. 3. We simulate 512-node runs using multiple combinations of

………
…..

sw1

………
…..

………
…..

………
…..

………
…..

sw2 sw16 sw17 sw18 sw32

16 16 16 16 16 16
16*16=256 nodes 16*16=256 nodes

512 nodes 
3-level Fat 

Tree

Subtree 1 Subtree 2

sw1 sw2 sw13………
…..

Group 1

sw
14

sw
15

sw
26

…
…

…
..

G
roup 2

sw
78

sw
79

sw
91

…
…
…

…
..

G
ro

up
 7

66

6

6

6
66

6

6

546 node 
Dragonfly

#nodesswitch radix#switchesDragonfly

5462491

(13,7,6,6): 13 
switches/group,

7 groups, 6 
nodes/switch, 

6 global ports/switch 

122432153

(17,9,8,8): 17 
switches/group,

9 groups, 8 
nodes/switch, 

8 global ports/switch 

#nodesswitch radix#switchesFat tree

5123280

(3,32,2): 3-level 
pruned w 2 

subtrees, 16 leaf 
and aggregate 

switches/subtree  

115248120

(3,48,2): 3-level 
pruned w 2 subtree, 

24 leaf and 
aggregate 

switches/subtree 

Figure 3: Simulation setup for Dragonfly/Fat tree using SST-Macro.

processes-per-node (1, 4, 8 and 16), for up to hundreds of core hours
on a four-way 2.5GHz Intel Xeon “Cascade Lake” CPU platformwith
192GB memory and 40 CPU cores with 28MB shared L3 cache. We
used GCC 10.2 and OpenMPI/4.1.1 for building the software codes.
We confirm the simulation observations by evaluating on NERSC
Perlmutter [16], using GCC 11.2 compiler (PrgEnv-gnu/8.3.3) and
cray-mpich/8.2.25 (MPI). We use two communication-intensive

graph applications: MPI-based graph clustering (miniVite [7]) and
triangle counting (TriC [6]) with the recommended options, us-
ing input graphs from the SuiteSparse collection [12]. We use two
graphs: g500-logn16 (|E|=4.9M) and uk-2002 (|E|=298M).

Graph Clustering (miniVite)

n(ppn) uk-2002 g500-logn16
blk. wgt. asc. dsc. blk. wgt. asc. dsc.

64(16) 4.81 6.09 3.49 3.36 0.59 1.05 0.75 0.85
128(8) 5.86 4.15 2.85 3.44 0.96 0.85 1.14 1.14

Triangle Counting (TriC)

n(ppn) uk-2002 g500-logn16
blk. wgt. asc. dsc. blk. wgt. asc. dsc.

64(16) 69.49 71.38 72.53 69.07 17.08 16.99 17.05 15.90
128(8) 69.42 67.81 72.82 68.91 16.39 16.36 17.12 16.49

Table 1: Avg. execution time (secs.) on 64/128 nodes of NERSC Perl-
mutter (Dragonfly topology) with distinct reorderings.

Observations. Our heuristics take a negligible amount of time
(fraction of a second, depends on the process topology graph), since
we use MPI for accessing the subgraphs and gathering the data from
individual processes before writing it out to a file which is used
for process assignment in SST-Macro. We also compare with the
random rank mapping option in SST-Macro. Our results are shown
in Fig. 2, and we show that in most cases, the default consecutive
mapping is sub-optimal. Key takeaways are as follows:
• For smaller processes/node our process graph property based
remapping can perform better across multiple applications and
network topologies (Fig. 2 highlights the best variant).
• With relatively small-sized networks, increasing processes/node
keeping the #processes fixed exploits only a small part of the
overall topology which can be locally connected (within a group);
in such cases our heuristics is not effective and the performance
will depend on the application and input graph characteristics.
• Partitioning relatively small graphs on a large #processes can
thwart the remapping heuristics (no specific irregular affinity
characteristics, alltoall type pattern).
• Choice of the processes/node based on the input graph and net-
work topological properties are critical for enhancing overall
remapping performance.
• Empirical evaluations on NERSC Perlmutter (Table 1) confirms
simulation results—up to 40% improvement observed relative to
default block remapping in certain scenarios.
• Our results indicate that there is incentive for improving the
current heuristics (e.g., considering separation of the high-degree
nodes by strides) — the performance of random remapping also
allude to possibilities for exploring better heuristics.
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