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Abstract—Dependent partitioning is a flexible framework for
compactly describing and efficiently computing partitions of
distributed data structures that contain indirections and inter-
connected references. These data structures are commonly found
in scientific applications, which operate over meshes, graphs, and
sparse tensors. However, existing implementations of dependent
partitioning process the individual elements of their input data
sequentially on CPUs. This limitation makes dependent parti-
tioning an expensive component of application initialization, and
hinders its use in dynamic or on-line contexts. In this work, we
present parallel algorithms for computing dependent partitions,
and show that these algorithms perform well on accelerators
like GPUs. Across a series of microbenchmarks and existing
applications that use dependent partitioning, we show that our
work achieves speedups of 9.4–9,807× for computing dependent
partitions. We then show that our algorithms enable dynamic
and on-line partitioning during steady-state execution.

Index Terms—dependent partitioning, runtime systems, GPUs,
parallel algorithms, sparse data structures

I. INTRODUCTION

Partitioning data structures is a fundamental requirement for
executing large-scale computations on distributed memory ma-
chines. Partitioning schemes must optimize for locality, load
balance, and minimal communication while simultaneously
respecting crucial application invariants. In particular, many
applications consist of interconnected data structures coupled
together by indirections that capture the relationships between
them. For example, graph-based applications often contain
sets of nodes and edges with indirection arrays that store
which nodes are connected by each edge, while sparse tensors
leverage similar indirection arrays to represent the non-zero
elements in each tensor. Therefore, when partitioning multiple
data structures for distributed execution, it is imperative that
applications respect these indirection relationships such that
logically related data is partitioned consistently.

Traditionally, it has been the responsibility of the program-
mer to manually manage the correctness of partitions based on
their indirection relationships (as in most MPI applications).
While some recent systems provide first-class support for
capturing such relationships in the form of explicit “ghost”
cells/zones/nodes [1]–[3], these models effectively hard-code
the kinds of indirection relationships that are supported.
Dependent partitioning [4] is an alternative framework that
instead provides a general and flexible approach to computing
partitions for interconnected data structures based on their in-
direction relationships. Dependent partitioning allows indepen-
dent partitions to be computed on some data structures (e.g.,
using METIS [5]) and then for those independent partitions to

be projected onto other data structures through the indirection
relationships between the data structures to create dependent
partitions. In particular, dependent partitioning treats indirec-
tion relationships as enumerated mathematical functions and
supports operators that can project partitions both forwards
(e.g., image) and backwards (e.g., preimage) through these
functions. Using these operators, an initial independent par-
tition can be used to construct dependent partitions of any
related data structures regardless of how many levels or kinds
of indirections are required by an application. A significant
body of work has leveraged dependent partitioning across sci-
entific computing domains, including simulations [4], sparse
tensor algebra [6], [7], and iterative linear solvers [8].

While dependent partitioning is a highly flexible way to
create partitions across interconnected data structures, its gen-
erality comes at the cost of performance today. Computing
a dependent partition can be expensive as the system must
often iterate over all the data in an indirection data structure;
this indirection data is regularly distributed and proportional
to the scale of the machine, requiring considerable execution
time to process. Additionally, since dependent partitioning
reckons directly with the inherent geometry and sparsity of
the data encoded in the indirection relationships between the
data structures, it must manipulate sets of geometric objects
(points and rectangles in N -dimensional spaces) and leverage
a variety of compression data structures to store these objects.
The computational geometry algorithms required to compute
dependent partitions can further result in imbalanced work
and unpredictable memory usage. Consequently, to date, im-
plementations of dependent partitioning operators have relied
on CPU algorithms that process each operator’s input data
sequentially. The resulting performance of dependent partition-
ing operators regularly limits their use to application start-up
phases when delays are more permissible and prohibits their
use during performance-sensitive main loops.

In this work, we propose the first parallel algorithms for
dependent partitioning operators, enabling their efficient ex-
ecution on parallel accelerators like GPUs. We develop an
algorithmic framework for building parallel dependent parti-
tioning operators that reformulates them around the efficient
production and consumption of geometric partition represen-
tations. The framework has three core components. First, the
framework provides parallel iteration over sets of geometric
objects and acceleration structures for querying them. Second,
the framework supports the efficient parallel production of
compact partition representations through a novel multidimen-
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sional, parallel adaptation of the sweep-line algorithm [9].
Finally, the framework incorporates an adaptive tiling-and-
retry strategy that allows the parallel dependent partitioning
operators to execute within a fixed memory budget, making
them amenable to the limited memory capacity of accelera-
tors like GPUs. Altogether, our framework provides a single
execution flow for parallel dependent partitioning operators.

We implement our algorithms within the Realm run-
time [10] and show how this implementation can be leveraged
by a higher-level system like Legion [11]. First, we show
across a series of microbenchmarks that our parallel algorithms
for dependent partitioning operators when implemented on the
GPU provide significant speedups over the existing Realm
CPU implementation (9.4–9,807×). Next, we show that on
existing Legion applications that leverage dependent partition-
ing to construct initial data partitions, our work significantly
reduces the partitioning cost (15.2–25.5× speedup on four
GPUs). Finally, we show that the acceleration offered by our
work allows for new use cases of dependent partitioning op-
erators within performance-sensitive application components.
Compared with the existing CPU-based dependent partitioning
implementation, our work permits a Legion-based iterative
solver to perform dynamic repartitioning computations 6.7×
as often during steady-state execution.

II. BACKGROUND

A. Dependent Partitioning

Dependent partitioning [4] is a framework for compactly
describing partitions of distributed data and the co-partitioning
relationships among components of distributed data structures.
Dependent partitioning distinguishes between independent par-
titions, which are computed using arbitrary logic, including
partitioning libraries such as METIS [5], and dependent parti-
tions, which are derived from independent or other dependent
partitions through structured operators. Dependent partitioning
operators have been used as the core partitioning primitives in
a variety of applications, including sparse tensor algebra [6],
sparse linear solvers [7], [8], and simulations over unstructured
meshes [4], [12]. The dependent partitioning framework con-
sists of a data model and a set of core partitioning operators.

The dependent partitioning data model is defined over index
spaces, which are (dense or sparse) sets of multi-dimensional
indices. Regions are multidimensional arrays defined over
index spaces that map each point to one or more data values.
Regions may contain pointers into other regions by storing
individual points or contiguous rectangles of dense points
that are contained in another region’s index space. Regions
with pointers can be composed to represent a variety of data
structures such as sparse tensors [6]–[8] and meshes [4].
The dependent partitioning (DP) data model is visualized in
Figure 1.

A partition in the DP framework is a mapping from colors
to index spaces, where each color (usually a multidimensional
index) identifies one index space within the partition. Intu-
itively, colors are often associated with a machine resource,
such as a processor or memory. Independent partitions are

(0,0) (0,2)

(1,3) (2,0)

[(3,0), (3,1)]

[(1,1), (2,2)]

[(2,3), (3,3)]

Region A Region CRegion B

Index Space:
{(0,0), … (1,1)}

Index Space:
{(0,0), … (3,3)}

Index Space:
{(0), (2), (4)}

Fig. 1: An example of the dependent partitioning data model.
The example contains a dense 2-D region A whose points
reference a dense 2-D region B, and a sparse 1-D region C
whose rectangles reference subsets of B.

described through the byvalue(R) operator, which accepts a
region R in which each element R[i] stores a color c, and con-
structs a partition P such that P [c] = {i | R[i] = c}. Because
arbitrary computation may populate R, its entries can encode
application-specific partitioning heuristics and constraints. De-
pendent partitions are then derived from independent partitions
(or other dependent partitions) through the image, preimage,
union, difference, and intersection operators.

image and preimage relate partitions through data-
dependent indirections between regions, such as for sparse
matrices or meshes. image(S, P,D) projects a partition P
through a source region S with pointer-values to construct
a partition P ′ of D such that ∀c ∈ COLORS(P ),∀i ∈
P [c], S[i] ⊆ P ′[c]. preimage(D,P, S) is the inverse of image,
discovering a partition P ′ of S such that image(S, P ′, D) =
P . image and preimage are visualized in Figure 2. union,
difference, and intersection are standard set operators (∪,
\, and ∩) between partitions. In this work, we focus on the
byvalue, image and preimage operators, as these operators
depend on data stored inside regions, while the set operators
only manipulate the representation of partitions.

B. Sequential Algorithms for Dependent Partitioning

Implementations of dependent partitioning require con-
crete data structures for representing index spaces and al-
gorithms for computing dependent partitions. The state-of-
the-art Realm [10] implementation exposes parallelism across
independent index-space operations, but the work within each
operation scales with the size of partition data and is per-
formed sequentially. Our work addresses this shortcoming by
developing a parallel framework for dependent partitioning;
we first describe these existing sequential algorithms.

a) Index Space Representations: Any implementation of
dependent partitioning must efficiently represent the index
spaces manipulated by dependent partitioning operators, which
may be sparse and irregular (as shown in Figures 1 and 2). The
Realm implementation of dependent partitioning, on which
we build, represents an index space with two components: a
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Fig. 2: Visualization of dependent partitioning operators.

Sparse Index Space:
{(0, 0), (3, 0), (1, 1), 
(2, 1), (3, 1), (1, 2), 
(2, 2), (2, 3), (3, 3)}

Sparsity Map:
Bounding Box = [(0,0), (3,3)]

Rectangles = 
{[(0, 0), (0, 0)], [(3, 0), (3, 1)],
[(1, 1), (2, 2)], [(2, 3), (3, 3)]}

0
0

Fig. 3: Sparse index space and sparsity map representation.

bounding hyper-rectangle that contains all points in the index
space, and a sparsity map. A sparsity map is a collection of
disjoint hyper-rectangles whose union is exactly the set of
points within the target index space. For dense index spaces,
where the bounding hyper-rectangle is exactly the desired
index space, the sparsity map is omitted. This representation
is preferable to sparse-tensor formats such as CSR because it
exploits dense substructures within irregular index spaces. An
example index space and sparsity map representation is shown
in Figure 3.

Algorithms for performing dependent partitioning operators
must efficiently iterate over and construct these index space
representations (in particular the sparsity maps). Manipulation
of sparsity maps may produce unpredictable memory con-
sumption and computational work, as the individual rectangles
stored within sparsity maps may contain different numbers of
points. Creation of new sparsity maps requires compacting and
aggregating index-space points into a compact set of disjoint

Algorithm 1 Sequential Point-Valued Image

1: function IMAGE(S: Region, P : Partition, D: Region)
2: O ← {c 7→ RECTLIST() | c ∈ COLORS(P )}
3: for each index i ∈ S do
4: d← S[i]
5: if D.CONTAINS(d) then
6: INSERTANDMAYBEMERGE(O[COLOR(P, i)], d)
7: return PARTITION({c 7→ COMPACT(O[c]) | c ∈

COLORS(P )})

rectangles to improve compression. Sparsity maps can enable
high degrees of compression but require specialized algorithms
to process and construct efficiently, especially in parallel.

b) Algorithms: The existing Realm implementation sep-
arates each dependent partitioning operator into two stages:
determining the points in the output index spaces and as-
sembling them into sparsity maps. Realm exposes task-level
parallelism across independent partitioning tasks, but each task
processes its partition data sequentially. Algorithm 1 shows the
sequential algorithm executed by one such task for a point-
valued image. For each source index i in the source region
S, the algorithm reads the destination pointer d = S[i] and
checks membership in the destination region D. If d ∈ D,
the algorithm adds d to a local list of rectangles, oppor-
tunistically merging the point with existing rectangles that it
touches. Once all pointer contributions have been included,
the maintained rectangles are deduplicated and merged to
construct a final sparsity map. The sequential algorithms for
merging newly added points into an existing set of rectangles
and for merging rectangle lists maintain trees of existing
rectangles and perform queries and insertions one at a time.
This approach is straightforward to implement, but does not
expose data parallelism within each task, where the amount of
work scales with the size of the partition data. This distinction
is particularly important for accelerators: saturating the high
memory bandwidth of modern GPUs requires substantially
more memory-level parallelism than saturating CPU memory
bandwidth.

The other dependent partitioning operators (byvalue,
preimage) are implemented in a similar manner. byvalue uses
the values stored in the region to add source points to the
corresponding output index space, and preimage tests source
pointers against the subspaces of the destination partition.

III. PARALLEL ALGORITHMS

We now describe the key contributions of this work: parallel
algorithms for dependent partitioning operators. Rather than
defining separate algorithms for each dependent partitioning
operator, we design a unified framework that can be instanti-
ated differently for each operator (Section III-A). We describe
the parallel algorithms that can be assembled within this
framework (Section III-B) to instantiate the full implemen-
tations of dependent partitioning operators (Section III-C).
Finally, due to limited accelerator memory, we propose a
tiling-and-retry strategy that uses a single fixed intermediate



Algorithm 2 Framework for Parallel Dependent Partitioning

1: type DPFUNCTOR:
2: types: τi, τo
3: CREATECONTAINER()→ τi set
4: GETADDITIONS(x)→ τo set
5: function DEPPARTOP(F : DPFunctor, CS: IndexSpace)
6: K ← GETNUMCOLORS(CS)
7: C ← F.CREATECONTAINER()
8: A← ∅
9: for all x ∈ C in parallel do

10: ∆← F.GETADDITIONS(x)
11: accumulate ∆ into A
12: {S0, . . . , SK−1} ← CANONICALIZE(A)
13: return {S0, . . . , SK−1}

buffer instead of unpredictable intermediate allocations (Sec-
tion III-D).

A. Algorithmic Framework

Although individual dependent partitioning operators differ
in their semantics, implementations of each operator share
the same high-level structure. Each operator consumes input
index spaces or regions, produces a collection of point or
rectangle contributions to some output index spaces, and then
compacts each group of output contributions into compressed
index space representations. The concrete strategy for each
stage is then specific to a dependent partitioning operator.

This intuition is captured in Algorithm 2, which is param-
eterized over a user-defined DPFUNCTOR. The DPFUNCTOR
contains the definitions of the functions CREATECONTAINER
and GETADDITIONS. First, CREATECONTAINER defines the
construction of a container data structure C amenable to
parallel iteration. This data structure contains elements of
the input type τi, and defines which points or rectangles
must be processed to construct the output partition. Second,
GETADDITIONS maps each input element x ∈ C to a set of
intermediate contributions of type τo, representing the portion
of the output partition induced by x. In our framework, τi and
τo are always either multi-dimensional points or rectangles.

Using a DPFUNCTOR, Algorithm 2 initializes the input
container data structure and accumulates all intermediate out-
put contributions. Once the intermediate contributions have
been generated, these contributions must be compressed into
a compacted index space representation, as the intermediate
contributions may contain duplicate points or overlapping
rectangles and Realm’s sparsity map prohibits duplicate point
representations. To perform this compaction, the framework
applies a shared CANONICALIZE step, which converts the
intermediate contributions A into a valid sparsity map rep-
resentation: a set of disjoint, coalesced hyper-rectangles.

B. Algorithmic Components

We next describe the core algorithmic components used to
instantiate the framework.

Algorithm 3 Parallel Point Canonicalization

1: function POINTCANONICALIZE(P : Points)
2: P ← SORTBYKEY(P, λ x.(x[N − 1], . . . , x[0]))
3: R← TOSINGLETONRECTS(P )
4: for d = 0, 1, . . . , N − 1 do
5: R← PARALLELRLEBYDIM(R, d)
6: return R

1) Parallel Iteration: Parallel dependent partitioning op-
erators require the ability to perform parallel iteration over
(potentially sparse) index space data structures. When an index
space is dense, parallel iteration is trivial. For sparse index
spaces, represented by a sparsity map containing a vector of
disjoint rectangles, we perform a prefix sum over a vector
constructed from the volume of each rectangle. The total
volume V represents a flat set of indices, and a corresponding
point within the sparse index space can be recovered from
i ∈ [0, V ) by binary searching over the computed prefix sum.

2) Acceleration Structures: Some dependent partitioning
operators such as preimage require index space membership
tests: checking whether a candidate point is a member of a
target index space or a candidate rectangle intersects any index
space points. To accelerate these membership tests over sparse
index spaces, we build bounding volume hierarchies (BVHs)
over the rectangles in a sparse index space. We leverage
existing parallel BVH construction and query algorithms [13].
The BVH reduces the cost of membership and intersection
queries from linear to logarithmic in the number of sparsity-
map rectangles.

3) Point Canonicalization: When a dependent-partitioning
operation produces point contributions, the intermediate point
list may contain duplicates and must be compressed into
the list of disjoint rectangles stored in a sparsity map. We
canonicalize these intermediate contributions by removing
duplicate points and coalescing adjacent points. Algorithm 3
first sorts the points lexicographically, with the output color
as the most-significant key, and converts each point into a
singleton rectangle. It then performs a parallel run-length-
encoding pass along each dimension.

For each dimension d, PARALLELRLEBYDIM identifies
runs of consecutive rectangles that have identical bounds in
every dimension other than d, and equal or adjacent intervals
in d. Equal rectangles are filtered away, and adjacent rectangles
are merged into a rectangle representing their union. These
computations map cleanly to parallel sorts and prefix scans.

Figure 4 illustrates the algorithm in two dimensions. After
sorting each (x, y) point by (y, x), the first pass merges adja-
cent singleton rectangles across the x-dimension. The second
pass then merges rectangles with identical x-ranges along
the y-dimension. Each merge replaces a run of compatible,
pairwise-disjoint rectangles with their union, preserving the
represented point set and disjointness. Processing each di-
mension in order yields a dimension-wise coalesced rectangle
cover, although the algorithm does not attempt to find a
globally minimum-cardinality cover.
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Fig. 4: Point canonicalization in two dimensions. Brackets
indicate runs that will be merged into a single rectangle.

Algorithm 4 Parallel Rectangle Canonicalization

1: function RECTANGLECANONICALIZE(R: Rectangles)
2: A← INITBOUNDARYPOINTS(R, 0)
3: A← A+ SIGNEDCORNERS(R)
4: for d = N − 1, N − 2, . . . , 0 do
5: A← PREFIXSWEEP(A, d)
6: O ← EMITCOVEREDCELLS(A)
7: return COALESCEBYDIMENSION(O)

4) Rectangle Canonicalization: Dependent-partitioning op-
erators may also directly produce rectangles instead of points,
such as a rectangle-valued image. Constructing a valid spar-
sity map from these rectangle contributions requires de-
duplication and removal of any overlapping components, as
every rectangle in a sparsity map must be pairwise-disjoint. A
naı̈ve approach to rectangle canonicalization would be expand-
ing each rectangle into its constituent points and applying the
algorithm discussed in Section III-B3. However, this approach
would make the time and space complexity of canonicalization
proportional to the volume of all rectangles, eliminating any
compression provided by the rectangle-based sparsity map
representation. We instead directly canonicalize overlapping
rectangles.

Algorithm 4 is our approach to parallel rectangle canonical-
ization, which generalizes existing sweep-line algorithms [9]
to any number of dimensions. The key idea behind our
algorithm is to discretize the volume covered by all input
rectangles into a set of disjoint boundary cells, which over-
approximate the output set of rectangles covered by the input
rectangles. Then, by a series of dimension-aligned sweeps
over these boundary cells, we can determine which cells are
covered by input rectangles and which cells must be excluded.
The remaining boundary cells already satisfy the disjointness
invariant required for sparsity map construction; we further
coalesce them into a compressed sparsity map of rectangles,
yielding the desired result. Figure 5 visualizes the steps taken
by our algorithm, and we now discuss the concrete details.

The first step of our algorithm is to convert the closed
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Fig. 5: Rectangle canonicalization in two dimensions.

rectangle representation to a half-open representation, where
the upper-bound point of each rectangle is exclusive. Then,
for each dimension d ∈ [0, N), we define the boundary
coordinates Bd = SORTUNIQUE

(
{ℓd(r), ud(r) | r ∈ R}

)
.

Bd captures all coordinates along dimension d where an
input rectangle starts or ends. We refer to consecutive values
b, b′ ∈ Bd as a boundary interval over the range [b, b′). The
Cartesian product over the boundary intervals of each dimen-
sion defines the boundary cells, and the Cartesian product
over the boundary coordinates of each dimension defines the
boundary points. By construction, no rectangle can start or
end within the interior of a boundary cell; this property allows
us to reason only about boundary points and boundary cells,
rather than all points contained within the input rectangles. In
Figure 5a, the boundary coordinates for each dimension are
[0, 2, 4], the boundary cells are [(0, 0), (2, 2)), [(0, 2), (2, 4)),
[(2, 0), (4, 2)) and [(2, 2), (4, 4)), and the boundary points are



(0, 0), (0, 2), (0, 4), (2, 0), (2, 2), (2, 4), (4, 0), (4, 2), (4, 4).
The goal of our algorithm is to determine the exact set

of boundary cells covered by the input rectangles. Because
we have the sorted unique boundary coordinates in each
dimension, we can reconstruct a boundary cell from its bottom
point; thus, we operate on boundary points and reconstruct
the corresponding boundary cells at the end. Our algorithm
attaches a signed value to each boundary point, which we
refer to as a coverage accumulator. We initialize all coverage
accumulators to 0. Then, we include initial contributions
from the corners of every input rectangle as follows. For
each rectangle corner, compute the parity of the number of
dimensions in which it contains a “high” value of the rectangle,
and contribute −1 for an odd number and +1 for an even
number. Set the coverage accumulator at every point p to
the sum of all initial corner contributions. For example, in
Figure 5, (0, 0) is a corner for both R0 and R1. For both R0

and R1, it is high in neither dimension, so each contributes
+1, yielding +2. (2, 0) is only a corner for R0 and high in
1 dimension (x), so its sign is −1 and the (2, 0) coverage
accumulator is initialized to −1. (2, 2) has no corners so its
coverage accumulator is initialized to 0.

Once the coverage accumulators over the boundary points
have been created, we perform a series of dimension-aligned
prefix sums over the events. For each dimension d, PRE-
FIXSWEEP groups the current events that agree on all co-
ordinates other than d into one-dimensional sweep-lines, and
performs a segmented exclusive prefix-sum along each sweep-
line. An example of the sweeps along each dimension can be
seen in Figure 5c and Figure 5d. At the end of these sweeps,
the coverage accumulator for a boundary point encodes how
many of the input rectangles cover its corresponding boundary
cell; thus, we can emit exactly the boundary cells with nonzero
coverage accumulators as a pairwise-disjoint exact covering of
the input rectangles, seen in Figure 5e.

Once the sweep-line procedure has produced disjoint rect-
angles from all boundary cells, they are coalesced into larger
rectangles to better compress the representation. We apply
the same strategy as discussed in Section III-B3, where we
merge adjacent rectangles along each dimension in turn, seen
in Figure 5f. As before, this approach maximally coalesces
rectangles, but does not guarantee a globally optimal covering.

While our algorithm conceptually maintains a coverage ac-
cumulator for each boundary point, materializing all boundary
points (the Cartesian product of all boundary coordinates)
would be unnecessarily expensive. In practice, Algorithm 4
processes one dimension at a time and materializes only cover-
age accumulators with non-zero values: boundary points with
zero-valued coverage accumulators do not affect the prefix
sum, and cannot become emitted boundary cells. However,
because coverage accumulators are signed, these sums are
not monotonic, and a boundary point can go to zero and be
eliminated in a sweep along one dimension, then become non-
zero and require rematerialization in another sweep. The opti-
mized version of our algorithm performs this compression and
rematerialization using binary searches along each sweep-line

to determine which boundary points have non-zero coverage
accumulators after each sweep.

The signed corners and prefix sweeps done by Algorithm 4
are the multi-dimensional analogue of a one-dimensional
difference array. For a single interval, placing +1 at its
lower bound and −1 at its exclusive upper bound causes a
prefix sum to be one inside the interval and zero outside
it. An N -dimensional rectangle applies this construction in
every dimension: its 2N corners receive alternating signs, and
each dimension-aligned sweep turns the contributions from
those corners into coverage along the swept dimension. After
all N sweeps, a single rectangle therefore contributes one
to every boundary cell it covers and zero to every other
cell. This construction is an instance of Möbius inversion,
or multidimensional inclusion–exclusion [14]. Contributions
from multiple rectangles are additive, so the final coverage
accumulator is the number of input rectangles covering each
cell. Emitting cells with positive accumulators thus recovers
the input union, while the boundary-cell construction ensures
that the emitted cells are pairwise disjoint.

The time and space requirements of this canonicalization
procedure are data dependent. For M input rectangles in N di-
mensions, SIGNEDCORNERS produces 2N ·M events. Because
N is usually a small constant, this initial step produces a linear
number of non-zero boundary points to maintain. However,
subsequent sweeps materialize a data-dependent number of
boundary points, depending on the overlapping pattern of
the input rectangles in each dimension. Our evaluation does
not include a dedicated adversarial construction designed to
realize the worst case, but this behavior can be characterized
analytically. Pathological arrangements, such as checkerboard-
like patterns, can eliminate the compression provided by
the rectangle representation: an intermediate working set or
uncoalesced output may approach the full Cartesian product
of the boundary intervals, containing O(MN ) records in the
worst case. For inputs whose boundary arrangements remain
compressible, only a small fraction of this Cartesian product is
materialized, retaining the benefits of the rectangle-based spar-
sity map representation. Despite the data-dependent runtime
and space usage, the operations in Algorithm 4 map directly
to standard parallel primitives (sorting, segmented scans and
filters), allowing for efficient parallel execution on GPUs.

C. Framework Instantiation

Each dependent partitioning operator instantiates the frame-
work through its DPFUNCTOR, as described below.

a) byvalue: CREATECONTAINER returns the index
space of the region being partitioned. For each point x ∈
CREATECONTAINER(), where R[x] = c, GETADDITIONS
accumulates x into the output set for color c.

b) image: Like byvalue, the implementation of CRE-
ATECONTAINER for image returns the index space of the
region through which the image is being computed. For each
source point x of color c, GETADDITIONS reads y = S[x] and
contributes the point or rectangle y to the output set for c.



c) preimage: For a preimage(D,P, S), the implemen-
tation of CREATECONTAINER creates a BVH Q over the index
spaces of the partition P , as described in Section III-B, and
returns the index space of the source region S. For each
point x in the index space of S, GETADDITIONS reads the
point or rectangle y = S[x], queries Q for the colors whose
subspaces contain or intersect y, and accumulates x into each
corresponding output set.

D. Tiling and Retrying

The overall framework and algorithmic components de-
scribed in the previous sections require intermediate alloca-
tions of data-dependent sizes. For example, BVH construction
and intermediate phases during point and rectangle canoni-
calization require buffer allocations whose sizes depend on
the set of points contained by an index space and are thus
unpredictable. While the sizes of these intermediate alloca-
tions can be given upper bounds, these upper bounds can
be significant overestimates in the worst case, and allocating
according to them may require more memory than is available
on a GPU. These complications make a direct application of
the previously discussed algorithms difficult within a larger
asynchronous runtime system that manages its own memory.

To address the challenges of unpredictable intermediate
allocations, we develop an extension to the framework in
Section III-A that enables parallel dependent partitioning algo-
rithms to operate within a fixed-size scratch allocation and tile
the input when the entire operation does not fit. The key idea
is to use rectangle canonicalization. The results of individual
tiles of a dependent partitioning operation can be canonicalized
into compact and disjoint lists of rectangles and combined
when necessary. This approach also applies to point-valued
dependent partitioning operators, as point canonicalization
converts point sets into rectangle lists.

The complete tiling-and-retry algorithm is shown in Algo-
rithm 5. The algorithm receives a fixed scratch budget B,
and selects an initial tile that uses approximately half the
available space, while reserving the remainder of the space
for intermediate and output storage. ATTEMPT executes a tile
and merges its output rectangles with the accumulated output.
ATTEMPT returns successfully only if all steps of execution
fit within the available scratch space.

If an ATTEMPT fails at a particular tile size, all temporary
state is discarded and the same input prefix is retried with half
the tile size. If the candidate tile fails when containing a single
rectangle, then our implementation spills the accumulated
rectangle outputs to host memory and performs the rectangle
merging step on the CPU. After a successful attempt, the
candidate tile size is re-estimated from the remaining space
so that an earlier tile that required a large amount of memory
does not permanently force subsequent tiles to be small.

Our tiling-and-retry approach bounds all GPU-side inter-
mediate storage by B. If the operation’s peak scratch usage
fits within B, the tiling-and-retry process adds no significant
overhead. Under memory pressure, each backoff sequence

Algorithm 5 Tiling-and-retry algorithm.

1: Input: Input I , Scratch Budget B
2: W ← I
3: O ← ∅
4: A← B
5: t← max(1, ESTIMATE(A/2))
6: while W ̸= ∅ do
7: A← B − SIZE(O)
8: T ← PREFIX(W, t)
9: (s,O′)← ATTEMPT(T,O,A)

10: if s then
11: O ← O′

12: W ←W − T
13: A← B − SIZE(O)
14: t← max(1, ESTIMATE(A/2))
15: else if |T | > 1 then
16: t← ⌊|T |/2⌋
17: else
18: (W,O)← RECOVERANDSPILL(W,O)
19: A← B
20: t← max(1, ESTIMATE(A/2))
21: return FINALIZE(O)

performs logarithmically many attempts, but each failed at-
tempt discards nontrivial computation. In addition, merging
each successful tile with the accumulated output may revisit
previously produced rectangles. The total work is therefore
data- and output-dependent and may be superlinear in the final
output size, while peak device scratch usage remains fixed by
the budget. We expose the buffer size B to let users trade
memory usage for performance.

IV. EVALUATION

We evaluate our work through a set of microbenchmarks
of individual dependent partitioning operators, weak scaling
of application-derived dependent partitioning kernels, and a
dynamic repartitioning experiment within a larger application.
We show that our work achieves substantial speedups over
the existing CPU-based dependent-partitioning strategy: 9.4–
9,807× on individual operators without tiling, 15.2–25.5× on
application-derived partitioning kernels at four GPUs, and up
to 17.8× higher throughput in dynamic repartitioning.

A. Experimental Setup

We perform all experiments on a single node of the Perl-
mutter supercomputer. Each Perlmutter node contains a 64-
core AMD EPYC 7763 CPU and four NVIDIA A100 40GB
GPUs. Our GPU implementation is written in CUDA C++
and realizes the algorithms through a combination of custom
kernels and CUB bulk-parallel primitives. Because our goal is
to enable efficient dependent partitioning on accelerators, we
implement and evaluate our parallel algorithms on GPUs and
compare against Realm’s existing task-parallel, data-sequential
CPU implementation. Although our parallel algorithms are
also amenable to multicore CPU execution, we do not evaluate



a multicore CPU implementation in this work. The reported
speedups therefore capture the combined impact of our parallel
algorithms and GPU execution, rather than isolating the algo-
rithmic impact on equivalent hardware or the hardware impact
with equivalent algorithms. For the microbenchmarks and
application-derived benchmarks, input construction, host-to-
device copies, and scratch allocation occur before timing. GPU
runs are warmed up, and timings cover only the dependent-
partitioning work through completion. Each plotted point is
the median of three runs.

B. Microbenchmarks

We first evaluate our work with a series of microbench-
marks that focus on individual dependent partitioning op-
erators across different configurations of intermediate buffer
utilization. We focus on point-valued image and preimage
operators, and compare against the CPU-based strategy that
currently exists in Realm [4]. Each benchmark performs a
single-GPU dependent partitioning operation over a region
containing 106 elements that reference points in the source or
destination index space. The domain of the region is 106 in 1D,
1000×1000 in 2D, and 100×100×100 in 3D. Dense subspaces
are rectangles; sparse subspaces independently retain 5% of
the points in the same bounding box. In each experiment,
we vary the size of the available intermediate buffer with
the variable p, which ranges from 1 to 100. If Slower and
Supper are estimated lower and upper bounds for the target
operation (Section III-D), then a value of p corresponds to a
buffer of size Slower + (p/100)(Supper − Slower). Each point
is the median of three runs.

The results for image are shown in Figure 6, which contains
results for the image operator through both the dense and
sparse index spaces. At p = 100, every configuration com-
pletes in a single pass, eliminating tiling and fallback overhead.
In these configurations, our system achieves speedups of 15.3–
9,807× over Realm’s CPU-based implementation. For the
dense image operations, we see that the performance of the
GPU-based dependent-partitioning operation corresponds to
how much intermediate storage can be allocated (the value
of p). When the allocated intermediate buffer is sufficiently
large to enable only a single pass over the data (p = 30
for 1D, p = 25 for 2D and 3D), the operation enters
its single-pass, near-peak-performance regime. When smaller
intermediate buffers are used, additional passes over the input
are required, causing performance degradation. However, our
system still achieves significant speedups over the CPU-based
implementation in these cases. Even at the smallest buffer
size (p = 1), the dense image cases remain 1.2×, 1.6×, and
4.4× faster than the CPU implementation in 1D, 2D, and 3D,
respectively; across all tiled dense configurations, speedups
range from 1.2–14.1×. Due to the nature of the Legion
runtime system, realized sparsity maps are not available when
intermediate buffer requirements are estimated. As a result,
the resulting bounds are disproportionately conservative for
sparse index spaces. At runtime, sparsity-map compression
and the memory efficiency of our algorithms then keep actual

intermediate storage much lower than these estimates: only
two sparse configurations across both image and preimage
trigger the tiling and retry mechanism. The low-p dense
configurations therefore serve primarily as a stress test of the
tiling mechanism under constrained scratch space, rather than
as examples of tiling that arises naturally in these workloads.

Next, we move on to preimage results, which are shown
in Figure 7. The shape of these results is similar to the image
results, where the largest speedups are observed when the
buffers are large enough for a single pass over the input to be
performed. At these buffer sizes, our implementation achieves
speedups of 9.4–207× over Realm’s CPU implementation.
These results also show that the online construction of accel-
eration data structures performed by our algorithm does not
negatively impact the end-to-end performance.

C. Application-Derived Weak Scaling

In the next set of benchmarks, we evaluate the depen-
dent partitioning operators used during the initialization of
three scientific mini-applications: a circuit simulation [11],
a solver for compressible Navier-Stokes equations (Mini-
Aero [15]), and a Lagrangian hydrodynamics simulation
(PENNANT [16]). Each application’s partitioning phase con-
sists of a short sequence of Realm partitioning operators: eight
measured stages for Circuit, six for PENNANT, and four
for MiniAero, including by-field, image, preimage, and set-
operation stages over the application’s mesh data structures.
The partitioning performance of these applications with de-
pendent partitioning has been evaluated in prior work [4]. We
measure the dependent partitioning costs of each application,
and exclude the partitioning-free steady-state execution. We
weak-scale the problem size from one to four GPUs of a single
Perlmutter node, and all experiments use p = 100, as enough
memory is available for a full intermediate buffer.

Figure 8 contains the results for each of Circuit, PENNANT,
and MiniAero. As the problem size weak-scales from one
to four GPUs, our implementation achieves four-GPU weak-
scaling efficiencies of 89.7%, 94.9%, and 78.0% for Circuit,
PENNANT, and MiniAero, respectively. At four GPUs, our
GPU-based dependent partitioning algorithms provide sig-
nificant speedups over Realm’s CPU-based implementation,
achieving speedups of 25.5×, 23.1×, and 15.2× for Circuit,
PENNANT, and MiniAero, respectively. These speedups di-
rectly follow from our microbenchmarks, where we report sim-
ilar speedups for individual dependent-partitioning operators.
These results show that our GPU-parallel algorithms greatly
accelerate dependent partitioning in existing applications.

D. Dynamic Repartitioning

The current cost of Realm’s implementation makes frequent
in-loop dependent partitioning impractical. Our preceding re-
sults suggest that the reduced cost of our implementation may
make such in-loop repartitioning practical. Because existing
applications were designed around the substantially higher
cost of dependent partitioning and therefore do not provide
a natural dynamic-repartitioning benchmark, we evaluate this
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possibility synthetically. We modify the LegionSolvers [8]
conjugate gradient solver to periodically rebuild the partitions
of the sparse matrix and associated vectors during steady-state
execution.

We run 2000 iterations of the conjugate gradient solver
on 4 GPUs of Perlmutter, and sweep over a repartitioning
interval, which is the number of iterations between two repar-
titioning operations. Each repartitioning operation rebuilds the
necessary partitions of the sparse matrix and necessary vector
components. Because the benchmark repeatedly reconstructs
the same equal partitioning scheme, it measures the cost
of in-loop partition reconstruction rather than the effects or
migration costs of changing data placement. The reported
timings include the computation costs of the solver loop as
well as all dependent partitioning costs.

Figure 9 shows the results for this experiment, comparing

the throughput achieved at different repartitioning intervals for
both CPU- and GPU-based dependent partitioning implemen-
tations. At the most aggressive repartitioning interval of one it-
eration, both implementations experience substantial through-
put degradation, but the GPU-based implementation sustains
17.8× higher throughput than the CPU-based implementation.
As the repartitioning interval increases, the GPU-based imple-
mentation reaches 90% of baseline throughput at an interval
of 150 iterations, where the CPU implementation achieves
only 37.8% of baseline throughput. The CPU implementation
does not reach the same 90% threshold until a repartitioning
interval of 1000 iterations, allowing the GPU implementation
to repartition 6.7× as frequently while maintaining at least
90% of baseline throughput. At a repartitioning interval of 500
iterations, the GPU-based dependent partitioning implemen-
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tation is able to avoid any performance degradation relative
to the no-repartition baseline, while the CPU implementation
still achieves only 74.0% of baseline. These results show
that our GPU-parallel algorithms substantially reduce the
overhead of reconstructing dependent partitions within the hot
loop of Legion applications, making much more frequent in-
loop repartitioning feasible. This reduced cost could enable
applications with dynamic data structures or adaptive load-
balancing strategies that require steady-state repartitioning.

V. RELATED WORK

A. Dependent Partitioning

Dependent partitioning [4] is a logical framework for de-
scribing partitions of distributed data structures. Dependent
partitioning distinguishes independent partitions, computed
arbitrarily, from dependent partitions. Dependent partitions are
derived from independent or other dependent partitions using
structured operators that follow references among distributed
data structures. The dependent partitioning framework has
been implemented in the Legion [11] and Realm [10] runtime
systems as well as the Regent [12] programming language.
The dependent partitioning framework is especially powerful

for applications with dynamic data structures connected by
indirections.

B. Application-Specific Partitioning Algorithms

In terms of dependent partitioning, significant research has
been done on algorithms for the construction of independent
partitions for various applications and domains. For sparse
matrix applications, the METIS [5] and PARMETIS [17] lines
of work develop algorithms to partition graphs and sparse ma-
trices in communication-minimizing ways. PT-Scotch [18] is
a partitioning framework for graphs. Libraries like PETSc [1]
and Trilinos [2] have built-in support for computing dependent
partitions representing the “ghost zones” of structured meshes,
or the “cones” or “supports” of unstructured meshes [19].
Stencil analyses in domain-specific language compilers [20],
[21] map well onto dependent partitioning operators.

C. Computational Geometry and Graphics Algorithms

Acceleration data structures, such as the bounding-volume
hierarchies [13] used in this work, have been heavily studied in
graphics computations such as rendering and ray-tracing [22].
Alternative data structures such as KD-Trees [23] and R-
Trees [24] are also well-studied. These acceleration data
structures have also been used within the Legion runtime to
reason about data partitions to perform distributed dependence
analysis [25]. This work also reformulates classical sweep-line
techniques from computational geometry [9] for multidimen-
sional parallel sparsity-map construction and compaction.

VI. CONCLUSION

We have presented a parallel framework and algorithms
for dependent partitioning on accelerators such as GPUs. We
showed that these algorithms significantly accelerate depen-
dent partitioning over existing CPU-based approaches while
avoiding unbounded intermediate dynamic memory allocation.
Our work accelerates partitioning computations of existing
applications and enables a new class of applications to leverage
high-performance repartitioning within performance-critical
components.
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Appendix: Artifact Description
Artifact Description (AD)

I. OVERVIEW OF CONTRIBUTIONS AND ARTIFACTS

A. Paper’s Main Contributions

This paper provides a parallel algorithmic framework (C1)
for dependent partitioning. The framework combines parallel
iteration and acceleration structures, parallel canonicalization
of geometric partition representations, and adaptive tiling and
retry within a fixed scratch-memory budget. It also provides
a high-performance GPU implementation (C2) of this frame-
work for the Legion and Realm runtime systems.

B. Computational Artifacts

The following computational artifacts are associated with
this work:

A1 https://doi.org/10.5281/zenodo.21744551
A2 https://doi.org/10.5281/zenodo.21744561
A3 https://doi.org/10.5281/zenodo.21744562

Artifact ID Contributions Related Paper Elements
Supported

A1 C1, C2 Figures 6–9

A2 C2 Figure 9

A3 C2 Figures 6–9

a) Hardware.: All full experiments were evaluated on
NERSC Perlmutter GPU nodes, each with one 64-core AMD
EPYC 7763 CPU and four NVIDIA A100 40 GB GPUs.
Exact reproduction uses a NERSC allocation and the archived
Perlmutter launch configuration. Comparable NVIDIA A100
systems may be used after adapting the Slurm account, mod-
ule, and path settings, although identical timings should not
be expected. Plot-only reproduction from the supplied CSVs
requires only a normal Python workstation.

b) Artifact Synopses.: A1 contains the exact modified
Legion and Realm source used for the GPU implementation,
the standalone benchmark, and the application-derived kernels.
A2 contains the modified LegionSolvers application used for
dynamic repartitioning. A3 contains the experiment drivers,
raw and final data, aggregation and plotting scripts, check-
sums, and provenance for Figures 6–9. All plotted points are
medians of three independent executions.

II. ARTIFACT IDENTIFICATION

A. Computational Artifact A1

Relation To Contributions

Artifact A1 is the modified Legion/Realm runtime that
implements the parallel framework in C1 on GPUs and pro-
vides the implementation in C2. Its benchmark produces the
microbenchmark and application-derived results in Figures 6–
8. Artifact A2 links against the installed runtime for Figure
9.

Expected Results

The reproduced results should show the same trends as the
paper, rather than identical timings on different hardware. At
the full scratch setting, GPU image should be 15.3–9,807×
faster than the existing CPU implementation and GPU preim-
age should be 9.4–207× faster. At four GPUs, the application-
derived kernels should show approximately 25.5×, 23.1×,
and 15.2× speedups for Circuit, PENNANT, and MiniAero,
respectively. Smaller scratch buffers may require tiling and
retry and therefore reduce GPU performance.

Expected Reproduction Time (in Minutes)

Building the standalone Realm benchmark takes roughly
10–15 minutes. Building and installing the complete
Realm/Legion stack required by A2 takes roughly 20–30
minutes. Full collection takes roughly 65 minutes for the
microbenchmarks using four concurrent shards and 15 minutes
for weak scaling, excluding scheduler queue delay.

Artifact Setup (incl. Inputs)

Hardware: The microbenchmark collection uses four Perl-
mutter GPU nodes concurrently, with one independent serial
shard and one visible A100 per node. Weak scaling uses
one node and p = 1, 2, 3, 4 GPUs, pieces, and dependent-
partitioning workers.

Software: Artifact A1 is release v1.0.1 of the
modified Legion/Realm runtime, available at the
DOI above and at https://github.com/rohanchanani/
gpu-dependent-partitioning-runtime/releases/tag/v1.0.1.
The evaluated environment used the Perlmutter GNU
programming environment, GCC 14, CMake 3.30.2, NVIDIA
HPC SDK 25.5 CUDA 12.9, Cray cc/CC wrappers, and
CUDA architecture 80. The standalone Realm benchmark was
built in CMake Release mode with -O3 -DNDEBUG. The
complete installed stack uses a Release Realm package
and a RelWithDebInfo Legion package with CUDA,
GASNet-EX/OFI, and OpenMP enabled.

Datasets / Inputs: No external dataset is required. The
benchmarks generate all index spaces, fields, and meshes
from command-line parameters. Figures 6 and 7 evaluate
point-valued image and preimage in 1D, 2D, and 3D
with exactly one million field elements: 106, 1000 × 1000,
and 100 × 100 × 100, respectively. Inputs are dense or
retain 5% of points, use block-random point fields with
block volume 1024, and sweep the 15 archived scratch
values 1, 2, 3, 4, 5, 7, 10, 15, 20, 25, 30, 40, 50, 75, 100. Figure
8 weak-scales generated Circuit, PENNANT, and MiniAero
inputs from one to four GPUs with full scratch capacity.
The fixed per-piece sizes are 4.5 million edges for Circuit,
675× 2096 zones for PENNANT, and 1202× 1202 cells for
MiniAero.



Installation and Deployment: The standalone Realm bench-
mark is built as follows:

cmake -S source/realm \
-B build_pm_deppart \
-DCMAKE_BUILD_TYPE=Release \
-DREALM_USE_CUDA=ON \
-DCMAKE_CUDA_ARCHITECTURES=80 \
-DBUILD_TESTING=ON \
-DREALM_BUILD_TESTS=ON

cmake --build build_pm_deppart \
--target benchmark -j

The resulting executable is build_pm_deppart/
tests/benchmark. For A2, follow the complete “Install
Realm and Legion for LegionSolvers” recipe in the A1

README. It loads the recorded Perlmutter modules, installs
Realm and Legion with the features listed above, and exports
GASNET_ROOT, Realm_DIR, and Legion_DIR for
downstream builds.

Artifact Execution

The workflow is to build A1, run the collection drivers
from A3, aggregate three independent executions per point by
the median, and regenerate Figures 6–8. The microbenchmark
driver runs the operator, dimension, density, and scratch matrix
using four independent shards. CPU timings come from the
normal intersection-optimized run and GPU timings from the
-dp:noisectopt run.

For the microbenchmarks and application-derived bench-
marks, input construction, input host-to-device copies, and
scratch allocation occur before timing. GPU runs are warmed
up, and timing includes only the dependent-partitioning work
through completion, including internal canonicalization, ac-
celeration structures, tiling/retry, and fallback work. The final
microbenchmark timing sweep used -nocheck and therefore
did not compare CPU and GPU output partitions. The weak-
scaling runner does not pass -nocheck; its correctness
comparison occurs after the timed interval.

Artifact Analysis (incl. Outputs)

The collection produces logs, manifests, raw measurements,
median summaries, and the graph inputs for Figures 6–8. A
complete result contains 1080 raw microbenchmark rows, 360
final microbenchmark rows with no recorded failures, and 36
weak-scaling rows. Analysis should confirm the GPU-over-
CPU trends and the effect of scratch capacity, not require the
same absolute latencies on a different machine.

B. Computational Artifact A2

Relation To Contributions

Artifact A2 contains the modified LegionSolvers conjugate-
gradient application used for Figure 9. It links against A1 and
supports C2 by exercising GPU dependent partitioning during
the solver’s steady-state loop.

Expected Results

Solver computation runs on four GPUs in both config-
urations; “CPU” and “GPU” identify only the dependent-
partitioning backend. At a repartitioning interval of one it-
eration, the GPU backend should sustain about 17.8× the
throughput of the CPU backend. The GPU backend first
reaches at least 90% of its no-repartition baseline at interval
150, while the CPU backend first does so at interval 1000,
permitting repartitioning 6.7× as often.

Expected Reproduction Time (in Minutes)

Building the LegionSolvers target after A1 is installed takes
roughly 10–15 minutes. The complete dynamic-repartitioning
collection takes roughly 210 minutes (3.5 hours), excluding
scheduler queue delay. Aggregation takes a few additional
minutes.

Artifact Setup (incl. Inputs)

Hardware: Each run uses one Perlmutter GPU node, all four
A100 GPUs, and four vector pieces. The interval, backend, and
repetition tasks are independent and may be distributed across
multiple nodes.

Software: Artifact A2 is release v1.0.1 of the
modified LegionSolvers application, available at the
DOI above and at https://github.com/rohanchanani/
gpu-dependent-partitioning-legionsolvers/releases/tag/v1.0.1.
It requires the installed A1 packages. The evaluated build
used CMake RelWithDebInfo with -O2 -g -DNDEBUG,
CUDA architecture 80, NVIDIA HPC SDK 25.5 CUDA 12.9,
and the Cray CC wrapper backed by GCC 14. It is not a strict
Release build.

Datasets / Inputs: No external matrix is required. The appli-
cation generates a CSR discretization of the one-dimensional
negative Laplacian with 100 million unknowns and approx-
imately 300 million nonzeros. Each run performs 2000 CG
iterations on four GPUs. The intervals are 0, 1, 2, 5, 10, 25,
50, 100, 150, 200, 250, 300, 350, 400, 450, 500, 600, 700,
800, 900, 1000, 1200, 1400, 1500, 1600, 1800, and 2000. Two
dependent-partitioning backends and three repetitions give 162
runs.

Installation and Deployment: After installing A1 and re-
taining its package variables, build the evaluated target with:

cmake -S source -B build \
-DCMAKE_BUILD_TYPE=RelWithDebInfo \
-DCMAKE_CUDA_ARCHITECTURES=80 \
-DLegion_DIR="$Legion_DIR" \
-DRealm_DIR="$Realm_DIR" \
-DGASNet_ROOT="$GASNET_ROOT" \
-DGASNet_CONDUIT=ofi

cmake --build build \
--target Test06CSRSolveCG -j

Before running on another installation, adapt the account
and machine-specific paths in repart_3rep_array.
sbatch.



Artifact Execution

The workflow is to install A1, build Test06CSRSolveCG,
execute the 162 independent array tasks, aggregate them
with merge_repart_3rep.py, and plot the median table
with A3. For interval k > 0, repartitioning occurs every
k iterations except after the final iteration; k = 0 disables
periodic repartitioning. The timed region excludes problem
construction, solver setup, and initial partitioning, and includes
the complete CG loop plus all periodic repartitioning work
through completion.

Artifact Analysis (incl. Outputs)

Aggregation requires three throughput values for every
interval/backend pair and produces raw, median, and min/max
CSVs. Figure 9 should show the GPU partitioning curve
recovering its no-repartition throughput at substantially shorter
intervals than the CPU partitioning curve. Small values above
100% of the separately measured baseline reflect run-to-run
variation.

C. Computational Artifact A3

Relation To Contributions

Artifact A3 contains the experiment scripts, final and raw
data, plotting programs, checksums, and provenance for Fig-
ures 6–9. It ties A1 and A2 to the evaluation of C2. It can be
used independently for quick supplied-data reproduction and
uses A1 and A2 for full recollection.

Expected Results

The quick path should validate the archived matrices and
regenerate the image, preimage, three weak-scaling, and repar-
titioning plots from the supplied CSVs. The plotted values
should match the archived data; minor rendering differences
may occur across Matplotlib versions. This path validates the
data-to-figure workflow but does not remeasure performance.

Expected Reproduction Time (in Minutes)

Data validation and figure regeneration take roughly 5–10
minutes on a normal workstation. Full collection takes roughly
65 minutes for microbenchmarks using four concurrent shards,
15 minutes for weak scaling, and 210 minutes for dynamic
repartitioning, excluding scheduler queue delay.

Artifact Setup (incl. Inputs)

Hardware: The quick path requires no GPU. Full recol-
lection requires the Perlmutter or comparable NVIDIA A100
hardware described for A1 and A2.

Software: Artifact A3 is release v1.0.1, available at
the DOI above and at https://github.com/rohanchanani/
gpu-dependent-partitioning-experiments/releases/tag/v1.0.1.
The quick path requires Python 3, pandas 2.0 or newer,
Matplotlib 3.7 or newer, and a POSIX-compatible shell. Full
recollection additionally requires the A1 and A2 environments.
All three artifacts are released under Apache License 2.0;
included upstream files retain their original notices.

Datasets / Inputs: No external dataset is required. The final
graph inputs are data/final/microbenchmarks.csv,
data/final/weak_scaling_raw.csv, and data/
final/repartitioning.csv. Raw measurements and
summary audit data are under data/raw/, while source
revisions, build caches, and other provenance are under
provenance/.

Installation and Deployment: After extracting A3, run:

python3 scripts/validate_data.py
shasum -a 256 -c CHECKSUMS.sha256
python3 -m pip install -r requirements.txt
./scripts/plotting/reproduce_figures.sh

For full recollection, adapt the archived Perlmutter Slurm
scripts to the local account, scheduler, module environment,
and A1/A2 build locations.

Artifact Execution

The quick workflow validates checksums and the expected
experiment matrices, then runs the three plotting programs.
The full workflow builds A1 and A2, collects the microbench-
mark, weak-scaling, and repartitioning matrices, aggregates
each set of three independent executions by the median,
and invokes the same plotting programs. For weak-scaling
speedups, the paper uses the median of the three per-run
CPU/GPU ratios.

Artifact Analysis (incl. Outputs)

The quick path writes PNG and PDF versions of six
plots under figures/: image and preimage buffer sweeps,
Circuit, PENNANT, and MiniAero weak-scaling plots, and
the repartitioning plot. A successful full rerun should produce
complete raw and summary matrices and preserve the qualita-
tive behavior in Figures 6–9; identical timings are not required
on a different or shared system.



