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Abstract

The multilevel heuristic is the dominant strategy for
high-quality sequential and parallel graph partitioning.
Partition refinement is a key step of multilevel graph
partitioning. In this work, we present Jet, a new parallel
algorithm for partition refinement specifically designed
for Graphics Processing Units (GPUs). We combine Jet
with GPU-aware coarsening to develop a k-way graph
partitioner. The new partitioner achieves superior qual-
ity when compared to state-of-the-art shared memory
graph partitioners on a large collection of test graphs.

1 Introduction

Parallel graph partitioning is a key enabler for
both large-scale graph analytics [33, 37] and high-
performance scientific computing [7, 34]. Graph par-
titioning [11] is the task of creating approximately
equally-sized disjoint sets of vertices in the graph, while
simultaneously minimizing the cutsize, the number of
edges connecting vertices in different sets. Most graph
partitioning software and algorithms use the multilevel
heuristic. The multilevel heuristic constructs a sequence
of progressively smaller graphs in a coarsening phase,
finds a solution to the problem (partitioning in this case)
on the smallest graph, and then uncoarsens the solution
to find the solution for the original graph. The uncoars-
ening step also improves the solution using information
from each graph in the sequence in a process called
refinement. At a high-level, refinement algorithms for
graph partitioning work by moving vertices to improve
the solution quality. The graph partition refinement
problem is well-studied in the context of shared-memory
algorithms for multicore systems [31, 3, 23]. Our work
considers the problem of partition refinement on graph-
ics processing units (GPUs), with a focus on matching
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or exceeding partition quality obtained with fast multi-
core partitioners.

Our refinement algorithm, named Jet, decouples the
two primary tasks of refinement algorithms: improving
the cutsize and maintaining a balanced solution. This
enables our algorithm to move larger sets of vertices
without relying too much on fine-grained synchroniza-
tion. This is critical to obtaining a high-degree of par-
allelism. Moreover, we implement a novel heuristic for
resolving conflicts between simultaneous vertex moves.
This heuristic also enables our refinement to escape lo-
cal minima. At a high level, the heuristic uses informa-
tion from the current partition state to assign a priority
value to each vertex, and then approximates the ex-
pected value for the next partition state from these pri-
orities. The expected value for the next partition state
in the neighborhood of each vertex determines whether
the vertex should move. In addition to enabling larger
sets of vertex moves, this results in higher quality than
is possible with similar parallel refinement schemes on
a majority of the test graphs we experimented with.

We develop a partitioner for GPUs utilizing a recent
work in coarsening on the GPU [19] and the new Jet
refinement algorithm. GPU acceleration enables our
partitioner to achieve consistently faster partitioning
times compared to other partitioners. Our partitioner
also achieves consistently smaller cutsizes on graphs
from varied domains such as finite element methods,
social networks, and semiconductor simulations.

The following are the key algorithmic contributions
and performance highlights:

• We present Jet, a novel hiqh-quality, GPU-parallel,
k-way refinement algorithm. Our experiments indi-
cate that Jet outperforms the Multitry Local Search
algorithm in terms of graph partition quality.

• We present a k-way graph partitioner that leverages
GPU acceleration to attain 2× faster partitioning
times than competing methods in a majority of test
cases. We also modify the GPU implementation to
adapt it for multicore execution.

• We demonstrate superior quality when compared
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to state-of-the-art shared memory partitioners on a
diverse test set of 61 graphs.

2 Background and Prior Work

2.1 Problem Definition Consider a graph G with n
vertices (or nodes) and m edges. We assume the graph
is undirected and has no self-loops or parallel edges.
Vertices can have associated positive integral weights.
Edges weights are positive integers representing the
strength of the connection of two vertices. The set
of vertex-weight pairs are denoted by V , and the set
of weighted edge triples by E. For a positive integer
k, a k-way partition of G is a set of pairwise disjoint
subsets of V (or parts {p1, p2, . . . , pk} = P ) such that
∪ki=1pi = V . The weight/size of a part pi is the sum of
the weights of its constituent vertices. Given a partition,
the cut set is the set of edges 〈u, v, wuv〉 ∈ E with u
and v in different parts. The sum of the weights of
edges in the cut set is called the cost (or cutsize, or
edge cut in case of unweighted graphs) of the partition.
A balance constraint in the form of a non-negative
real constant λ places a limit on the part weights:
weight(pi) ≤ (1 + λ)nk , ∀ 1 ≤ i ≤ k; there is no lower
bound on the size of a part. The value of λ is typically
0.01–0.1 (or a 1–10% allowed imbalance). The objective
of the k-way graph partitioning problem is to minimize
the cost of the partition ofG while satisfying the balance
constraint. The output of the partitioning problem is
typically an array of size n = |V | mapping vertices to
the parts.

2.2 Multilevel partitioning The multilevel heuris-
tic [41] is extensively used in large-scale graph analysis.
Its applications include graph partitioning [25, 6, 28],
clustering [15, 20, 18], drawing [29, 27], and representa-
tion learning [12, 4]. The family of algebraic multigrid
methods [10, 42] and multilevel domain decomposition
methods [40, 24] in linear algebra are closely related
to multilevel methods for graph analysis. In a multi-
level method, instead of solving a problem on a large
graph, we build a hierarchy of graphs that are progres-
sively smaller than the original graph and yet preserve
the structure of the original graph. We then solve the
problem on the smallest graph and project or interpolate
the solution to the original graph using the hierarchy.
Algorithm 1 gives the high-level template for multilevel
graph partitioning. Refinement is applied after projec-
tion on each level during uncoarsening to reduce the cut-
size, and to satisfy the balance constraint if the coarser
partition could not satisfy it.

Since there is a clear separation of multilevel coars-
ening, initial partitioning, and refinement in multi-
level level partitioning, we focus on multilevel refine-

Algorithm 1 A template for multilevel graph parti-
tioning.

Input: graph G as defined in Section 2.1, number of
parts k, balance λ.

Output: A partition array P0[0..n − 1], where P0[v]
indicates the partition that vertex v ∈ V belongs
to.

1: {G0, . . . , Gl}, {M0, . . . ,Ml} ← MLCoarsen(G)
2: Pl ← InitialPartition(Gl, k, λ)
3: Pl ←RefinePartition(Gl, Pl, k, λ)
4: i← l − 1
5: while i ≥ 0 do . l Uncoarsening steps
6: Pi ← ProjectPartition(Pi+1,Mi+1)
7: Pi ← RefinePartition(Gi, Pi, k, λ)
8: i← i− 1

ment in this work. Sequential and parallel algorithms
for multilevel coarsening have been extensively stud-
ied [28, 36, 13, 19].

2.2.1 GPU: Related Work Most graph partition-
ers are designed for CPUs and do not run on GPUs. In
particular, the refinement in the multilevel algorithm is
difficult to parallelize on GPUs. The first GPU parti-
tioner we are aware of was developed by Fagginger Auer
and Bisseling [17]. They developed two algorithms for
GPU: one multilevel spectral, and the other was mul-
tilevel with greedy refinement. Their code was never
released. A later GPU partitioner [21] implemented a
multilevel algorithm with a label-propagation based re-
finement algorithm.

Sphynx [2, 1] is a spectral partitioner that runs on
multiple GPUs. It is not multilevel. Although it runs
quite fast on GPUs, the cut quality is significantly worse
(up to 50×) than Metis/ParMetis on irregular graphs.
Therefore, we do not consider Sphynx any further in
this paper.

2.3 Refinement The objective of the partition re-
finement problem is identical to graph partitioning. Re-
finement algorithms improve an input partition; in the
multilevel method, this partition is an output from
coarser levels in the multilevel hierarchy. It can also
be used outside the context of multilevel partitioning,
regardless of the method used to produce the given par-
tition. Refinement is local in nature; information about
the current partition state is used to generate the next
state. Refinement methods frequently use a vertex at-
tribute called the gain, which is defined according to
the current partition state. For bipartitioning, the gain
describes the decrease in cutsize for moving a vertex
from its current partition to the other partition. This
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quantity is negative if the cutsize would increase. When
k > 2, we use gain to indicate the expected decrease in
cutsize for a vertex move (moving a single vertex from
its current part to a specific destination part).

Refinement algorithms typically operate in passes
over a set of vertices. The set can either be all vertices,
or a subset of vertices such as the boundary set, or
some other subset of interest. The number of passes
is typically a small constant, and it is desirable that
the running time of one refinement pass be linear in
m = |E|. A vertex v is in the boundary set if there
exists a vertex u in the neighborhood of v such that
part(v) 6= part(u). As no vertex outside the boundary
set can have a positive gain vertex move, it is common
for refinement passes to exclusively consider this set.

2.4 Refinement: Related Work In this work, we
are interested in parallel partition refinement schemes.
Several recent papers [30, 32, 31, 3] have demonstrated
that parallel refinement techniques can obtain similar
or better quality than sequential refinement algorithms.
We group algorithms into four broad categories and
describe them below.

2.4.1 Label Propagation Several refinement algo-
rithms share similarities to an iteration of Label prop-
agation (LP) community detection algorithm [35]. We
thus group them into a common category. In these al-
gorithms, the neighborhood of each vertex is examined
to determine the part which the vertex is most con-
nected to. The vertex is then moved into this part if
doing so will not violate the balance constraint. A typ-
ical serial implementation visits each vertex of a graph
at most once per iteration, in an arbitrary order. This
technique is unable to escape local minima, which oc-
cur when no single vertex can be moved for a decrease
in cutsize without violating the balance constraint. In
parallel implementations, each processor owns a subset
of the vertices, and each processor visits the vertices it
owns in some order. A parallel implementation is syn-
chronous if there is a barrier synchronization after all
vertices are inspected in an iteration, or termed asyn-
chronous if part changes are immediately applied. The
balance constraint can be maintained in a parallel set-
ting by atomically updating the part sizes. Mt-Metis
[30], Mt-Kahip [3], and KaMinPar [23] all implement
variations in a multilevel setting as a refinement option
or the primary refinement method. PuLP [39] imple-
ments this technique for direct partitioning outside of
a multilevel framework, using random initial partitions.
The most recent GPU partition refinement algorithm
[21] uses a synchronous scheme to construct a move
buffer, which it subsequently consumes in small chunks.

2.4.2 Hill-Scanning Hill-scanning refinement [31]
operates similar to greedy refinement [30], until it en-
counters a vertex with negative gain. It uses a priority
queue (keyed on an approximation of the gain) to build
a hill from the neighborhood of a seed vertex with neg-
ative gain, and terminates when the hill attains a pos-
itive gain value or becomes too large. Hills that don’t
attain positive total gain are discarded. Hill-scanning
exploits parallelism by dividing the vertices among the
processors, but a processor that is building a hill can
use vertices owned by another processor.

2.4.3 Multitry Local Search The multitry local
search (MLS) refinement algorithm attempts to find
sequences of vertex moves that begin with a negative
gain move, but produce a net improvement in the
cutsize [3]. The algorithm consists of several global
iterations, each consisting of several local iterations.
Inside each local iteration, each processor consumes a
thread-local priority queue seeded by some vertex and
its neighborhood, and expands the priority queue to
contain the neighborhood of all vertices it moves. Each
processor begins with a new seed vertex when its queue
is empty or it triggers a stopping rule. The seed vertices
are consumed from a todo list initially containing all
boundary vertices, but in successive local iterations the
todo list contains only the vertices moved in the last
local iteration.

2.4.4 Network Flow Methods Max-flow min-cut
solvers have seen great success as partition refinement
algorithms [38, 22]. Mt-KaHyPar creates a network
flow problem by growing a region around the boundary
between two parts. It uses a parallel implementation
of the push-relabel algorithm to compute a minimum
cut inside this region, and this new cut replaces the
old cut if it satisfies the balance constraint. While flow-
based methods outperform other refinement methods in
terms of result quality, they are also considerably more
expensive.

3 Our Partitioner

We now discuss our new multilevel GPU partitioner
with an emphasis on the partition refinement algorithm.
We perform coarsening until the coarsest graph ob-
tained is extremely small, typically around 200 vertices.
We use the k-way partitioning method in Metis [28]
to perform the initial partitioning. Since the coarsest
graph is very small, GPU parallelization of the initial
partitioning is left for future work.

3.1 Coarsening Our coarsening approach is based
on a GPU implementation discussed in [19], specifically
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the two-hop matching approach originally developed
for the Mt-Metis partitioner [32]. We modified the
algorithm in [32] to further improve GPU execution
efficiency.

3.2 Kokkos We use Kokkos [16] to implement the
parallel kernels in our code. Kokkos facilitates perfor-
mance portability, allowing the programmer to maintain
a single-source program that can be compiled for differ-
ent shared-memory architectures. We compile for three
different targets: Nvidia GPUs using the CUDA toolkit,
multicore CPUs using OpenMP, and single threads of
the same CPUs using a serial backend. The Kokkos
programming model involves expressing a task as a se-
quence of small kernels that fit one of three parallel
primitives: parallel-for, reduction, and scan.

4 Jet Refinement Algorithm

We have two design goals for refinement on the GPU:
matching or exceeding the quality of multicore refine-
ment techniques, and running time that is compara-
ble to fast multicore refinement. Prior shared-memory
multicore-centric refinement algorithms such as hill-
scanning and MLS rely on thread-local priority queues.
Priority queues are necessary to find sequeunces of
moves that improve the cutsize where single moves can-
not. However, these priority queue operations do not
expose adequate concurrency for GPU-scale parallelism,
and therefore such approaches are not viable on the
GPU. Size-constrained LP-based refinement can visit
the vertices in any order, and therefore lends itself nat-
urally to both multicore and GPU parallelism. How-
ever, the size constraint limits the number of vertices
that can be moved in each pass. This can be especially
problematic if the distribution of beneficial moves is bi-
ased towards certain destination parts. To address this
challenge, our method, Jet, splits a size-constrained LP
iteration into two phases. The first phase is an uncon-
strained LP phase, Jetlp, that performs vertex moves
while ignoring size constraints. The second phase is
a rebalancing phase, Jetr, which has the task of mov-
ing vertices from oversized parts to non-oversized parts
such that no oversized parts remain. It is paramount
for the rebalancing phase to minimize any increase in
cutsize (or loss). LP-based algorithms generally pro-
duce lower-quality results than hill-scanning and MLS,
and so we introduce novel augmentations to LP for im-
proved quality. The overall structure of our refinement
algorithm is to apply Jetlp until any part becomes over-
sized, then apply Jetr until balance is restored. We call
each application of either Jetlp or Jetr as an “itera-
tion”. We record the best balanced partition in terms
of cutsize, and terminate refinement when we exceed a

certain number of iterations (we use 12 for our results)
without encountering a new best partition. We also use
a tolerance factor φ to terminate when the cutsize is
improving slowly. φ is an important hyper-parameter
to control the quality/runtime tradeoff, with φ = 1 pri-
oritizing quality over runtime. We use φ = 0.999, which
appears to balance quality and runtime.

4.1 Unconstrained Label Propagation - Jetlp
Our unconstrained label propagation is synchronous,
i.e., updates to the partition state are deferred to the
end of each iteration. The steps in Algorithm 2 are as
follows: first, a destination part Pd(v) is selected for
each vertex v. Second, if Pd(v) is different from the
current part Ps(v), the vertex is pushed to an unordered
list, and a priority is assigned. Finally, the algorithm
filters this unordered list using an approximation of
the expected value of the next partition state. It
determines this approximation in the neighborhood of
each vertex that passed the first filter, by merging Ps
and Pd according to the priority values within each
neighborhood. It performs all moves that pass the
second filter, and then updates the data structures
that track connectivity of each vertex and the sizes of
each part. The name JET derives from a similarity in
structure to a jet engine: the selection of destination
parts is similar to the compressor, the first filter to
the combustion chamber, and the second filter to the
afterburner.

4.1.1 Changes to address LP limitations Most
synchronous implementations of LP-based refinement
have two limitations. First, it is not possible to im-
prove cutsize through negative gain vertex moves. Sec-
ond, vertex moves in the same iteration can affect each
other detrimentally. We introduce a method to address
both of these problems: the vertex afterburner. The
vertex afterburner is a heuristic-based conflict resolu-
tion scheme permitting negative-gain vertex moves. We
use the term afterburner as it is applied to a list of
vertex moves that may already be viable. Given a list
of potential vertex moves X, we recompute the gain
for each vertex in X according to an approximation of
the next partition state in its neighborhood. This ap-
proximation is created by merging Ps with Pd, using an
ordering ord . Due to the ordering ord , the approxima-
tions generated for overlapping neighborhoods are not
consistent. Pd is fixed for all vertices in X prior to ap-
plying the afterburner, therefore recomputing the gain
for each vertex v ∈ X only involves the parts Pd(v) and
Ps(v) specific to the move. For each neighbor u of a
vertex v ∈ X, if ord(u) < ord(v), we calculate v’s gain
assuming u will move to Pd(u). Otherwise, we assume
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Algorithm 2 Jet - Label Propagation (Jetlp)

Input: The graph G = (V,E). A partition array
Ps. Data structures DS for querying vertex-part
connection info and lock status

Output: A list of moves M , in the form of vertex-
destination part pairs.

1: Pd ← Ps
2: F ← negativeInfinity(|V |)
3: for v ∈ V in parallel do
4: ps ← Ps[v]
5: Av ← adjacentParts(v,DS) \ {ps}
6: if Av 6= ∅ then
7: pd ← argmaxp∈Av

conn(v, p)
8: Pd[v]← pd
9: F [v]← conn(v, pd) − conn(v, ps)

10: X,F ← gainConnRatioFilter(Ps, F,DS, c)
11: X,F ← removeLockedVertices(X,F,DS)
12: F2 ← zeros(|X|)
13: for v ∈ X in parallel do
14: ps ← Ps[v]
15: pd ← Pd[v]
16: f ← 0
17: for (u,w) ∈ E[v] in parallel do
18: pu ← Ps[u]
19: if ord(u) < ord(v) then
20: pu ← Pd[u]

21: if pu = pd then
22: f ← f + w
23: else if pu = ps then
24: f ← f − w
25: F2[v]← f

26: M ← removeNegatives(X,Pd, F2)
27: DS ← resetLocks(DS)
28: DS ← setLocks(DS,M)

u remains in Ps(u). This allows for vertex moves which
initially had negative gain to become positive gain, and
vice versa, depending on the other moves in X. The
final move list M is chosen as a subset of X, containing
only the moves in X with non-negative gain after recal-
culation. Let F (x) = conn(x, Pd(x)) − conn(x, Ps(x))
be the priority values for each vertex move, given by
the gain values of each vertex move in a vacuum. ord is
defined as follows:
(4.1)

ord(u) < ord(v) u ∈ X ∧ F (u) > F (v)

ord(u) < ord(v) u ∈ X ∧ F (u) = F (v) ∧ u < v

ord(u) > ord(v) otherwise

4.1.2 Negative Gain Moves The efficacy of this
filter heuristic is sensitive to the composition of X. If
X is selected too conservatively (i.e., only positive gain
vertex moves), then afterburning produces no additional
benefit over standard LP. If X is unconstrained (i.e.,
the entire boundary vertex set), then afterburning will
produce worse results than standard LP. To determine
the composition of X, we must first determine a value
Pd(v) for each vertex v:

(4.2) Pd(v) = argmaxp∈P\{Ps(v)}conn(v, p)

If a vertex is only connected to Ps(v), it is not a
boundary vertex and therefore is always excluded from
X. The criterion for a vertex to be selected into X is
as follows:

(4.3) -F (v) < bc · conn(v, ps)c

c is a constant that can be adjusted for different levels
of the multilevel hierarchy. We find experimentally that
0.25 is most effective for the finest level of the hierarchy,
whereas c = 0.75 is best for all other levels (for our
partitioner). It is important to note the floor rounding,
as our results on certain graphs are sensitive to the
rounding direction. We find that the coarsening and
initial partitioning algorithms affect the optimal choice
for c.

4.1.3 Vertex Locking We employ an additional
technique that is intended to help migrate the bound-
ary in a coordinated fashion across successive iterations.
This technique employs a lock bit, which excludes all
vertices selected into M by an iteration of our LP from
being chosen into X in the next iteration of our LP.
Locking helps to prevent oscillations, which occur when
a vertex moves back and forth between two parts in
successive iterations. These oscillations may decrease
solution quality by increasing the difficulty in changing
the boundary’s shape and location.

4.2 Rebalancing - Jetr

4.2.1 Two parts We introduce rebalancing with a
simpler version applicable only when k = 2. Without
loss of generality, let pa be the overweight part, and
let pb be the other part. The goal of our rebalancing
is to move vertices from pa to pb until pa is no longer
overweight, while minimizing the increase in the cutsize.
We assign a simple loss value to every vertex in pa:
loss(v) = conn(v, pa) − conn(v, pb). We order the
vertices of pa in terms of increasing loss as a sequence
L. We then select the prefix Lx of L that minimizes the
following value:

(4.4) ||Lx| − (|pa| − |pb|)|
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It is expensive to use a sort to obtain L, so we
approximate L with L′, where vertices are binned
according to a loss value. The bins are derived from
the following equation:

(4.5) slot(v) =


2 + blog2(loss(v))c loss(v) > 0

1 loss(v) = 0

0 loss(v) < 0

We find experimentally that the frequency of loss values
tends to decrease as the absolute value of the loss value
increases. We use log2 to assign slot values so that there
are more slots closer to zero than far away from zero.
This semi-ordering is similar to a bucketing approach
used for computing the top k elements in a vector [5],
but it only approximates the top k elements to save
time. The insertion order within each bucket is subject
to race conditions. To reduce the atomic contention
on GPU for the size counters of each bucket, we create
ρ sub-buckets within each bucket that are keyed by v
mod ρ. This bucket-oriented approach also integrates
well when computing lists for multiple overweight parts
independently in our k > 2 variations.

Let L′
x be the prefix of L′ that minimizes equation

4.4. In a graph with uniform vertex weights, the
following inequality applies if ∃v ∈ Lx(loss(v) ≥ 0):

(4.6)
∑

v∈L′
x\Lx

loss(v) ≤ 2
∑

v∈Lx\L′
x

loss(v)

4.2.2 More than two parts Extending the rebal-
ancing formulation for the general case is non-trivial.
We propose two separate extensions for an arbitrary k
that both reduce to the k = 2 formulation. Similar to la-
bel propagation, the output consists of an unordered list
of vertices to move and their chosen destinations. The
first formulation uses the following definition of loss:

(4.7) loss(v) = max
pb3|pb|<σ

conn(v, pb)− conn(v, pa)

σ determines the maximum size for a part to be consid-
ered a valid destination, and is chosen such that there
is a deadzone between the size of valid destination parts
and the size of oversized parts. In this formulation, ver-
tices are evicted from the oversized parts such that each
oversized part is just smaller than the size limit (this
should be within the deadzone). This process is similar
to the k = 2 formulation, except that there are multiple
oversized parts. Evicted vertices are sent to their best
connected part among the valid destination parts. It is
possible that the vertex is not connected to any valid
destination part, in which case a random valid destina-
tion is chosen. Destination parts may become oversized.

However, the deadzone prevents oversized parts from
becoming valid destinations. This guarantees at most
k iterations to achieve a balanced partition, as at least
one part will move into the deadzone in each iteration
if vertex weights are uniform. We observe that the typ-
ical number of iterations required is substantially less
than k. We denote this extension as weak rebalancing
(Jetrw) due to the potential need for many iterations.

Our second extension uses the following definition
of loss:

(4.8) loss(v) = meanpb3|pb|<σconn(v, pb)− conn(v, pa)

Vertices are evicted from oversized parts in the same
manner as the prior formulation. The destination parts
then try to acquire as close to σ − |B| vertices from
the evicted set as possible. Given that the evicted ver-
tices are arranged in an unordered list, each destination
partition selects a contiguous group from this list. Des-
tination partitions are overlaid onto the unordered list
according to their capacity, forming a one-dimensional
“cookie-cutter” pattern. This formulation guarantees
that no oversized parts remain after a single iteration, if
vertex weights are unit. We observe that vertex weights
are often a significant fraction of the size constraint
when more than one iteration is necessary. We denote
this extension as strong rebalancing (Jetrs) due to its
ability to achieve balance in one iteration in most sce-
narios.

Jetrw is much more effective at minimizing loss than
Jetrs, even though it may require more iterations to
converge upon a balanced partition. Our observations
indicate that Jetrs requires fewer iterations to converge
in any of the following scenarios: regular graphs, small
values of k, and large imbalance ratios. We propose
a combination of the two formulations, wherein we
apply Jetrw for a certain number of iterations, and
then apply Jetrs if the partition is still unbalanced. We
find that even a single iteration of Jetrw followed by
an iteration of Jetrs can achieve much of the benefit
of a large number of iterations of Jetrw. Our full
rebalancing (Jetr) consists of two iterations of Jetrw
followed by a single iteration of Jetrs. If more iterations
are necessary due to large vertex weights, these are
performed with Jetrs. For both rebalancing variants,
we find it beneficial to restrict a vertex from leaving
an oversized partition if its respective vertex weight is

larger than 1.5(|pa| − |V |
k ). This restriction is applied

before we construct L′.

4.3 Data Structures and Optimization We rep-
resent our input graphs and coarse graphs in-memory
using the compressed-sparse-row (abbreviated as CSR)
format. We require a data structure to track connectiv-
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ity of each vertex to each partition in order to facilitate
Jet’s iterations. Our label propagation iterations must
be able to quickly identify the first and second most
connected parts for each vertex. Our weak rebalancing
iteration must identify the most connected valid desti-
nation part for each vertex in an oversized part. Our
strong rebalancing iteration must sum the connectivity
among valid destination parts for each vertex in an over-
sized partition. Finally, it should be possible to modify
this data structure given a list of vertices to move. A
naive implementation might use O(k|V |) space to ex-
plicitly track this connectivity data for each possible
pair of a vertex and part. Unfortunately, this uses far
too much space with otherwise reasonable values for k,
and is inefficient to traverse in all use cases. Our imple-
mentation builds on the observation that for any vertex
v, the number of partitions to which it can have nonzero
connectivity is at most min(k, degree(v)). We utilize a
formulation similar to the CSR graph format to rep-
resent the vertex-part connectivity matrix. Our data
structure allocates space equal to the following equa-
tion:

(4.9) |V |+ 2
∑
v∈V

min(k,degree(v))

Each row in this CSR representation is treated as a
hash table (keyed on the partition id) for creation and
updates. To determine the most connected parts that
satisfy some filter criteria respective to each use case,
we linearly search the hash tables. This linear search
is substantially more efficient for smaller hash tables,
so we limit the number of empty entries. Although
min(k, degree(v)) is the maximum possible part con-
nections for each vertex, we observe that many graphs
(particularly regular graphs but even many irregular
graphs) have a much smaller number of nonzero con-
nections in practice. For instance, it is possible for a
degree=100 vertex with k = 128 to only have one or
two nonzero part connections. We set the hash table
size to be slightly larger than the initial connectivity
upon construction. This may cause insertions into the
hash table to fail once this limited capacity is reached.
When this occurs, we expand the hash table capacity
and recalculate its contents. We assign a small amount
of extra space to each hash table to limit the frequency
that this is necessary.

5 Experimental Setup

Our experiments evaluate the performance of our par-
titioner in terms of both cutsize and overall runtime.
We compare to other state-of-the-art parallel partition-
ers including Mt-Metis v0.7.2 with Hill-Scanning, Mt-
KaHIP v1.00 with MLS, and KaMinPar v1.0, as well

as the serial partitioner Metis v5.1.0. We are unable to
compare with either other GPU partitioner [17, 21], as
their code is unavailable. In the later work [21], their
cutsize results were slightly worse than both Metis and
Mt-Metis (without Hill-Scanning) on all graphs tested.
We evaluate on k = 32, k = 64, k = 128 and k = 256
with imbalance set to 3%, as well as k = 128 with im-
balance set to 1% and 10%. This constitutes a total
of six experiments per graph and partitioner. Although
our partitioner can operate on arbitrary values of k,
Mt-KaHIP cannot, therefore our experiments are on k
values that are powers of 2. For each combination of
graph, experiment, and partitioner, we collect the me-
dian cutsize and median runtime across a number of
runs. The number of runs performed is dependent on
the partitioner: we perform five runs for Mt-KaHIP
MLS, 11 runs for KaMinPar and Mt-Metis HS, three
runs for Metis, and 21 runs for our partitioner. We
present breakdowns versus each opposing partitioner by
experiment configuration, and in terms of graph classi-
fication. The full version of this paper contains results
directly evaluating the Jet refinement algorithm versus
the MLS refinement algorithm, as well as parallel scal-
ing results.

5.1 Test Graphs Our test set contains all graphs
with at least 50 million nonzeroes but less than 750
million nonzeroes from the Suitesparse graph reposi-
tory [14] (excluding the mawi graphs). We addition-
ally include a few miscellaneous graphs (ppa, citation,
products) from Open Graph Benchmark [26] and some
social networks (dblp10, amazon08, hollywood11, en-
wiki21) published by the Laboratory for Web Algorith-
mics [9, 8]. We also add a 2000x4000 rectangular mesh
(grid), and a 200x200x200 cubic mesh (cube). We pre-
process all graphs by performing the following steps:
we remove self-loops, convert all directed edges to undi-
rected edges, remove duplicate edges, and extract the
largest connected component. The graphs are further
grouped into one of nine classes. Table 1 lists all the
graphs. Within each class, the graphs are ordered in
the increasing order of number of edges after prepro-
cessing.

5.2 Test Systems We conduct our tests on two
different systems. The first system features a 32-core
AMD Ryzen 3970x “Threadripper” processor with 256
GB of RAM (quad-channel DDR4). We use this system
for all of our multicore tests. We run our partitioner
and competing partitioners using 64 software threads
on this system. The second system is a virtual instance
with 12 virtual cores of an Intel Xeon Gold 6342 CPU,
90 GB RAM, and an Nvidia A100 GPU with 80 GB
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Table 1: The complete set of graphs used in performance evaluation.

Category Count Graphs

Web crawl 4 wbEdu, ic04, uk02, arabic05
Social network 12 dblp10, amazon08, socPokec, citation, comLiveJournal, socLiveJournal,

ljournal08, hollywood09, products, hollywood11, orkut, enwiki21
Semiconductor 4 circuit5M, vasStokes2M, vasStokes4M, stokes
Road network 2 roadUSA, europeOSM
Optimization 3 nlpkkt120, nlpkkt160, nlpkkt200
Finite element 15 feRotor, afShell, Hook1498, Geo1438, Serena, audikw, channel050, Long-

Coup, dielFilterV3, MLGeer, Flan1565, Bump2911, CubeCoup, HV15R,
Queen4147

Biology 7 ppa, cage15, kmerV2a, kmerU1a, kmerP1a, kmerA2a, kmerV1r
Artificial mesh 10 grid, cube, delaunay23, bubbles00, bubbles10, rgg22, bubbles20, delau-

nay24, rgg23, rgg24
Artificial complex 4 kron20, mycielskian17, kron21, mycielskian18

of VRAM. Both systems run Ubuntu 20.04. We report
results with the A100 GPU for our partititioner. Our
code is compiled with NVCC using CUDA Toolkit
version 11.6.2 for the A100 platform, and GNU g++
version 10.2.0 on the ThreadRipper 3970x platform. We
use release versions 3.6.1 of both Kokkos and Kokkos-
Kernels libraries.

6 Partitioner Performance Evaluation

6.1 Partitioning Quality We first provide a sum-
mary comparison of our partitioner to four methods
– Mt-KAHIP MLS, KaMinPar, Mt-Metis HS, Metis –
in Table 2 for the six partitioning configurations. For
all configurations, the geometric means of edge cut ra-
tios indicate that our method outperforms competitors.
Overall, we find that our partitioner performs better on
about 70% of instances when compared to Mt-KaHIP
MLS, more than 80% of instances versus KaMinPar, and
more than 90% of test instances than Mt-Metis HS and
Metis. When keeping the imbalance at 3% and vary-
ing the number of parts, we find that the quality with
respect to Mt-KaHIP MLS does not change much, but
our partitioner appears to have an advantage for lower
values of k versus the other three partitioners. When
varying the imbalance while keeping the number of parts
the same (k = 128), our partitioner outperforms Metis
and Mt-Metis HS by a larger margin for larger imbal-
ance factors.

Next, we identify our partitioner’s strengths and
weaknesses by breaking down the input instances by
graph class in Figures 1a and 1b. Our partitioner
is dominant on finite element problems, optimization
problems, social networks, semiconductor problems,
and artificial complex networks. Of the social networks,

our partitioner only failed to produce the best cut
on amazon08 and dblp10, which are the two smallest
social networks in our test set. We have a moderate
strength on biology graphs, with Mt-KaHIP beating us
on the two smallest kmer graphs, and Metis beating
us on the largest kmer graph. Our weaknesses include
the artificial meshes, web crawls, and road networks.
Excluding the web crawls, most of the graphs in these
classes have an underlying 2D structure.

6.2 Jet evaluation In Table 3, we evaluate the im-
pact of the design choices in our JET LP phase in com-
parison to a baseline synchronous LP. Our baseline only
moves vertices into their best connected partition, omits
the afterburner kernel in its entirety, and ignores the
lock bit. We compare four versions of the LP phase. The
first alternate is the baseline plus vertex locking. The
second alternate is the baseline plus a weaker version of
the afterburner, that only considers vertex moves with
positive or zero gain. The third alternate is the baseline
plus the full afterburner, ie. it considers negative gain
vertices as described in section 4.1.2. The fourth version
is the full JETlp algorithm, ie. the baseline plus vertex
locking plus the full afterburner. The results in Table 3
show that the afterburner performs substantially better
if it can consider negative gain vertex moves than if it
can’t. Interestingly, the vertex lock doesn’t provide any
benefit by itself, but combined with the full afterburner
it provides a benefit of 2.2% versus the full afterburner
without the locks. We additionally investigate the im-
pact of φ on the runtime and cutsize results of our final
version. We found decreasing our refinement tolerance
value φ to 0.99 improves uncoarsening time by 56% and
worsens the cutsize by 1.1% over our default value of
0.999. Increasing φ to 0.9999 worsens the uncoarsening
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Table 2: We compare Jet to various partitioners, reporting the ratios of the geometric means of median cutsize
obtained with the partitioner to the median cutsize with Jet. A value greater than 1 indicates that Jet performs
better. The number of parts and the balance constraint setting are varied.

k = 32 k = 64 k = 128 k = 256 k = 128 k = 128
Overall

Partitioner i=3% i=3% i=3% i=3% i=1% i=10%

Mt-KaHIP MLS 1.020 1.020 1.022 1.021 1.043 1.026 1.025
KaMinPar 1.084 1.074 1.063 1.049 1.067 1.073 1.068
Mt-Metis HS 1.111 1.094 1.084 1.073 1.075 1.100 1.089
Metis 1.099 1.085 1.072 1.063 1.069 1.088 1.079

time by 33% and improves the cutsize by 0.5% over the
default value.

Table 3: We compare a baseline version of Jet and pro-
gressively add optimizations, reporting the geometric
means of the cutsize ratios obtained in each case. A
value greater than 1 indicates an improvement in cut-
size.

Variant Ratio

Baseline + Locks 1.000
Baseline + Weak Afterburner 1.009
Baseline + Full Afterburner 1.030
Full JET 1.052

6.3 Overall execution time As we show in Figure
2a, our partitioner achieves strong runtime results on
artificial complex, biology, road network, semiconduc-
tor, and social network graphs. Our partitioner achieves
similar runtime performance to Mt-Metis HS on the fi-
nite element graphs, and it also achieves similar per-
formance to KaMinPar on the web crawl graphs. The
runtime performance of Mt-KaHIP is surprising; in Fig-
ure 2b, we see that it is faster than Metis (which is
sequential) on only the k = 32 and k = 64 configura-
tions. In the same figure, our partitioner shows similar
performance trends across experiment configurations.

Overall, our GPU partitioner is consistently faster
than CPU competitors, with shorter runtimes than any
competitor in over 85% of test instances. We find that
our partitioner was faster than Mt-KaHIP MLS on over
99% of test instances, and more than twenty times
faster in over 40% of test instances. In comparison
to KaMinPar, our partitioner is faster in over 90% of
instances and at least twice as fast in over 65% of
instances. Versus Mt-Metis HS, our runtime was better
in over 90% of test instances, and at least twice as fast
in over 60% of instances. Our partitioner is more than
20× faster than Metis in over 40% of test instances,

similar to Mt-KaHIP MLS.
In Table 4, we present the average time spent in

each subtask of partitioning by our graph partitioner
on the GPU. Across all classes, initial partitioning is re-
sponsible for at most 10.6% of the total runtime. Coars-
ening dominates on artificial complex, semiconductor,
and web crawl graphs, whereas uncoarsening dominates
on the other graphs. Coarsening tends to dominate on
most graphs where the degree distributions are irregu-
lar, whereas uncoarsening dominates on the more regu-
lar graphs.

Table 4: Percentage partitioning time by subtask.

Graph class Uncoarsen Coarsen InitPart

Web Crawl 30.3 64.6 5.1
Social Network 58.2 31.2 10.6
Semiconductor 38.9 56.2 4.9
Road Network 54.0 42.3 3.7
Optimization 50.4 45.3 4.3
Finite Element 55.4 34.9 9.7
Biology 63.9 28.3 7.9
Artificial Mesh 64.6 31.2 4.2
Artificial Complex 36.9 54.7 8.4

7 Conclusion

We develop a graph partitioning method that leverages
GPU acceleration to decrease overall partitioning time,
while delivering state-of-the-art partition quality. Our
partitioner demonstrates superior quality on six of nine
graph classes in our test set compared to four state-
of-the-art partitioners, across six experiment configu-
rations. Our runtimes are superior on all nine graph
classes. We attribute these results primarily to our novel
partition refinement algorithm, Jet. Jet builds on label
propagation by addressing many common drawbacks,
while optimizing for GPU scalability. Our partitioner
is able to substantially reduce the time spent for initial
partitioning by coarsening to extremely small graphs.
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In future work, we plan to investigate graph learning
to enhance the Jet afterburner heuristic. We also plan
to adapt Jet and our partitioner for multilayer network
partitioning, multi-constraint partitioning, and multi-
GPU execution.
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