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Abstract

Distributed and parallel applications with fine-grained communi-
cation experience significant performance overheads from large
communication volumes between compute nodes. Communication
aggregation techniques can help improve performance, particu-
larly for irregular computational patterns that are susceptible to
fine-grained communication bottlenecks. Programming languages
like Chapel address these challenges through aggregation modules
designed to mitigate these fine-grained communication bottlenecks.
Chapel provides a lexically partitioned global namespace that en-
ables global distributed arrays, user-defined parallel iterators, and
asynchronous tasking through on-clauses. These features provide a
strong foundation for implementing effective aggregation strategies.
While Chapel’s CopyAggregation module supports aggregation
of remote read and write operations for arrays, it does not allow
for the aggregation of arbitrary remote operations. Experienced
users can develop aggregation strategies for specific use cases;
but a generalize aggregation framework would enhance developer
productivity. The Arkouda software package, which supports large-
scale distributed array operations, pioneered aggregation concepts
within Chapel. The recent addition of sparse matrix support exem-
plifies the need for a generalized aggregation framework to address
fine-grained communication challenges. This work addresses these
limitations by presenting a prototype for custom destination ag-
gregation within Chapel. Additionally, we provide a comparative
study demonstrating how this framework improves fine-grained,
parallel-safe sparse matrix creation performance.

CCS Concepts

« Computing methodologies — Parallel programming lan-
guages; Distributed programming languages.
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1 Introduction

Chapel [4] is a modern high-level programming language support-
ing a lexically-based global namespace partitioned across memo-
ries. This model enables users to execute programs across multiple
compute nodes without explicitly writing messaging functions to
manage data transfers between the memories of different compute
nodes. By abstracting away communication details, Chapel sig-
nificantly enhances productivity in parallel programming where
developers can write high-level code that the compiler transforms
into distributed executables, with the runtime system automatically
handling inter-node communication. However, while the global
namespace permits referring to any variable regardless of location,
this convenience can entice programmers into fine-grained, ran-
dom access patterns that perform worse than larger data transfers
capable of amortizing network overheads. Compiler optimizations
can help offset some of these overheads [15], but relying on such
optimizations can lead to performance uncertainty whereas using
aggregation provides the performance benefits more explicitly.

An alternative approach that bypasses the need for compiler
optimizations involves providing users with a way to get coarser-
grained messages explicitly without complicating their code unduly.
This approach leverages aggregation, which buffers data and tracks
transfer destinations before executing bulk operations. For basic
array operations involving assignment, the CopyAggregation mod-
ule provides both destination aggregation (where the destination is
remote) and source aggregation (where the source can be remote).
Chapel users can directly utilize this module to perform array oper-
ations of the form A[i] = B[j] where the accessed elements could
live on distinct compute nodes.

This CopyAggregation module demonstrates how users can
gain more granular control over specific aggregated operations.
A generalized framework that could aggregate arbitrary remote
operations would significantly enhance developer productivity by
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providing a standard, universal, and customizable approach to ag-
gregation. Although experienced users can develop custom aggre-
gation strategies for specific use cases, a generalized custom aggre-
gation framework would enhance developer productivity. Chapel
users who would benefit from such a standardized framework are
precisely those working with highly irregular applications, such as
sparse matrix operations and graph algorithms, as demonstrated by
researchers developing sparse data structures and graph algorithms
[1, 14].

The Arkouda software package [12] was the first to explicitly
motivate the concept of aggregation for Chapel programs. Arkouda
is a modular and extensible Python library that uses a client-server
model for performance and scalability, with its server implemented
in Chapel. Users can write new operations and register them with
Arkouda’s framework, as demonstrated by projects like Arachne
[1]. Arkouda relies heavily on aggregation for operations such as
argsort, where the returned array iv specifies how the indices
of an array A should be reordered to produce a sorted array in
increasing order. Performing an indexing operation sortedA =
A[iv] creates a new array containing the elements of A arranged in
sorted order. This operation utilizes the CopyAggregation module
when implemented in Chapel.

Recently, we have begun developing prototypical sparse linear
algebra capabilities for Arkouda, including sparse matrix creation
and multiplication, by leveraging Chapel’s multidimensional sparse
domains and arrays. This represents an early step toward introduc-
ing new data distributions beyond the dense block distributions that
Arkouda has traditionally supported. However, while the matrix
multiplication algorithm itself functions correctly, sparse matrix
creation exhibits significant performance bottlenecks due to fine-
grained communication patterns. In this use case, users provide
three distributed arrays R, C, and V containing row indices, col-
umn indices, and values stored at index (r €R, ¢ €C) of the sparse
matrix. The primary limitation is that the current sparse matrix
creation implementation generates excessive fine-grained remote
operations that could benefit significantly from aggregation, partic-
ularly in sparse workloads with characteristics reflecting power-law
distributions.

The main contributions of this work are as follows.

(1) A prototype for custom aggregation in Chapel that extends
beyond the foundational CopyAggregation module to sup-
port arbitrary remote operations.

(2) Enhanced parallel safety mechanisms for distributed sparse
matrix operations in Chapel, specifically for compressed
sparse row (CSR) and compressed sparse column (CSC) lay-
outs.

(3) A performance evaluation demonstrating the benefits of ag-
gregation for sparse matrix creation, comparing fine-grained
communication patterns against aggregated approaches.

(4) A roadmap toward developing a standard, universal, and
customizable aggregation framework for Chapel.

2 Related Work
2.1 Aggregation in Other Programming Models

The concept of message aggregation for parallel communication has
been explored across various lower-level systems and programming
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models. Maley and DeVinney [11] present “Conveyors,” a software
package that provides high-bandwidth, memory-efficient streaming
communication for parallel applications. Their conveyor abstraction
supports many-to-many communication patterns through message
aggregation and multi-hop routing, demonstrating scalability to
over 100,000 processes. Conveyors are typically used in conjunction
with Exstack, a predecessor communication library that provides
complementary functionality for parallel message handling. Unlike
higher-level language constructs, conveyors operate at the library
level and can be integrated into SHMEM, UPC, or MPI applications.

Nathan Wichmann at Hewlett Packard Enterprise developed
HABU, a C aggregation library that provides similar aggregation
capabilities for lower-level parallel programming environments that
has utilized the conveyors work above [17]. Additionally, recent
work by Hati et al. presented an asynchronous distributed-memory
parallel algorithm for k-mer counting that utilized custom message
aggregation protocols shown the importance of aggregation in
modern data applications [7].

2.2 Aggregation in Chapel

In 2018, Louis Jenkins proposed aggregation and buffering of asyn-
chronous remote tasks via begin on [8]. His idea was to buffer
communication operations within a parallel loop, such that up-
dates to arrays from within a forall loop would be aggregated and
issued as “fire-and-forget” active messages, improving efficiency
for large-scale iterations. Michael Ferguson raised important ques-
tions regarding this approach, such as how to distinguish between
buffered and unbuffered begin on operations, and how to handle
cases where begin on requires synchronization mechanisms like
locks. He noted that acquiring a lock for every begin on could
significantly degrade performance. After extensive discussion, it
was concluded that aggregating computation, rather than tasks,
might be more effective. This led Jenkins to propose the Chapel
Aggregation Library [9], focusing on computation aggregation.

Ferguson also documented common patterns that require ag-
gregation [5], such as updating or gathering data from distributed
data structures and performing topological sorts. He observed that
destination aggregators are particularly beneficial when updating
distributed data structures in parallel loops, as the destination is
typically remote and the loop iterations are local. Additionally,
Ferguson proposed language support for critical sections and ag-
gregation [6]. In contrast to Jenkins’ approach of aggregating tasks
created with begin on, Ferguson suggested that sync on could be
used to mark critical sections, ensuring they execute on the locale
that owns the relevant object.

The proposal for user-facing aggregators [16] resulted in the
development of the CopyAggregation package module (covered
in the next section). This work, completed by Elliot Ronaghan,
highlighted the need for improved naming, support for third-party
and user-defined operations, and additional enhancements to the
module. Building on this foundation, Engin Kayraklioglu added the
—auto-aggregation flag to the Chapel compiler to automatically
apply copy aggregators to certain well-formed loops, reducing the
burden on programmers to manually insert aggregation calls where
beneficial [10].
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3 A Brief Overview of the CopyAggregation
Module

The CopyAggregation module in Chapel provides efficient batch
copy operations for trivially copyable types through aggregated

communication. This module offers two primary aggregators: DstAggrega Por

for scenarios where the source is local and the destination may be
remote, and SrcAggregator for when the destination is local and
the source may be remote. For this work, we focus primarily on
destination aggregation using DstAggregator, though source ag-
gregation follows similar principles.

DstAggregator optimizes remote assignments by batching mul-
tiple copy operations into fewer communication events. When
a copy(ref dst, src) operation is performed through the ag-
gregator, the operation is not immediately executed. Instead, the
source value and destination address are buffered locally on a per-
destination locale basis. The aggregator maintains separate buffers
for each remote locale, allowing it to coalesce multiple assignments
destined for the same locale into a single communication operation.
This batching significantly reduces the communication overhead
that would otherwise occur with individual remote assignments.
An example can be seen in Listing 1.

use BlockDist, CopyAggregation;

const space = {0..9999};
const D = space dmapped new blockDist(space);
var A: [D] int;

// Aggregate assignments to remote array elements
forall i in D with (var agg = new DstAggregator(int)) do
agg.copy (A[il, i * 2);

B R I SR S

Listing 1: Using DstAggregator for Remote Array Updates

The key behavioral characteristic of destination aggregation is
that updates are not immediately visible at the destination. Oper-
ations remain buffered until the buffer becomes full or either the
aggregator is deinitialized or an explicit flush() call is made. This
deferred execution model is essential for performance but requires
careful consideration in program design, as intermediate reads of
destination variables may not reflect recent aggregated writes until
flushing occurs.

4 Motivating Use-Case: Sparse Matrix Creation
from Three Block-Distributed Arrays

The core challenge of this use-case in Arkouda and Chapel involves
efficiently converting three distributed arrays into a sparse ma-
trix while minimizing communication overhead. This use case is
communication-bound rather than compute-bound. The primary
computational work resembles a distributed sorting or binning algo-
rithm: determining which locale should own specific matrix indices
and values ("On which node should these indices and values that
I own end up?") and organizing incoming data from other locales
("What indices and values will others be sending me that I should
own?"). The target distribution block-distributes the overall logical
matrix indices across locales, with each locale storing its local in-
dices, referred to as local subdomains, and values using either CSR
or CSC format. The main operations involve adding index pairs
to local subdomains and storing array elements corresponding to
those index pairs.

2025-07-31 22:54. Page 3 of 1-8.

SC25-W, November 16-21, 2025, St. Louis, MO

The arrays may contain multiple elements with the same indices,
requiring a strategy for handling these cases. Common approaches
include adding the values, retaining the minimum value, maximum
value, or applying a custom aggregate function to elements with du-
licated indices. The current prototype removes duplicates without
preserving specific values, but this limitation can be addressed by
allowing users to specify their preferred reduction operation. This
aggregation introduces minimal overhead since the data can be
processed efficiently during the distribution phase, and Arkouda’s
existing function for identifying unique values can be extended to
perform the specified aggregation.

In Chapel, distributed two-dimensional arrays (essentially sparse
matrices) are created by defining a two-dimensional space, creating
a block-distributed domain over this space, and then constructing
a sparse domain and array using the dense domain as the parent.
Chapel also provides user-configurable options for data represen-
tation, including compressed sparse row (CSR) and compressed
sparse column (CSC) formats. The creation of these distributed
sparse domains and arrays is shown in Listing 2.

const Space = {1..N, 1..N};
const DenseDom = Space dmapped new blockDist(
Space,

sparselLayoutType = csrlLayout(parSafe=true)
);
var SparseDom: sparse subdomain(DenseDom);
var SparseArr: [SparseDom] int;

N U e W=

Listing 2: Chapel Sparse Domain and Array Creation

The problem reduces to bulk-writing indices with their corre-
sponding values to the locales that own the respective index posi-
tions. Once all indices have been transferred to the sparse domain
and values have been assigned, the sparse matrix construction is
complete. Users can then perform sparse matrix multiplications
through the sparse matrix interface found in Arkouda [2].

5 Implementation

In this work, the existing CopyAggregation module in Chapel was
extended to support user-defined classes for both source and des-
tination handling. In this architecture, the source class manages
data buffering for writes, while the destination class handles buffer
flushing operations. The implementation details of these specialized
classes are discussed in Subsections 5.1 and 5.2.

We implemented a record that accepts the destination handler re-
sponsible for buffering operations. When an instance of this record
is initialized on a remote locale, it creates a local copy of the des-
tination handler, ensuring proper buffer flushing at that specific
locale.

Additionally, we implemented a customized copy method that
accepts only the data to be written, eliminating the need for a
specific location address. In this implementation, the destination
address is irrelevant since only the target locale matters as the
destination handler class manages the underlying data structure
operations. This modified function, omitted here for brevity, mir-
rors the original implementation except that it maintains the des-
tination address as nil and determines the target locale using
handler.getDestinationLocale(srcVal).id. Anexample of the
getDestinationLocale function is provided in Subsection 5.1.
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The internal _flushBuffer function was also modified to elimi-
nate individual element processing. Instead of handling buffer ele-
ments independently, the entire buffer is passed directly to the user-
defined destination handler’s flush method. This design grants
users complete control over bulk buffer operations, enabling more
efficient batch processing when aggregating elements into their
target data structures. For this specific use-case, the data structure
to aggregate into is a two-dimensional, sparse block-distributed
array in Chapel where both the domain and array must be modified.

1 class SourceHandler {

2 var dval;

3 var aVal;

4 type elemType = (int,int,int);

5

6 proc init(D, A) {

7 // workaround as ref domain is not implemented
8 this.dVal = D._value;

9

10 // workaround as ref array is not implemented
11 this.aval = A._value;

12 3}

13

14 proc sourceCopy() {

15 return new unmanaged DestinationHandler (dval,aVal);
16 3}

17

18 proc getDestinationLocale(val: elemType) {

19 var (i,j,_.) = val;

20 return dVal.parentDom.dist.dsiIndexToLocale((i,j));
21 3}

22 3}

Listing 3: User-Defined Source Handler

5.1 Source Handling

The interface for a user-defined source handler is shown in Listing
3. The source handler serves two primary functions in the current
prototype implementation. First, it creates and transmits a copy
of the destination handler to the locale responsible for processing
a specific buffer. This copying mechanism parallels the process
used when transferring buffered items from source to destination
locales. Second, it determines the appropriate destination locale
for incoming data. This function is critical for distributed data
structures, as it requires probing operations to identify the correct
data placement. For sparse matrix operations, this calculation is
straightforward through Chapel’s domain interface, which allows
users to query a domain for specific indices using the standard
dsiIndexTolLocale(idx) function. In this context, the function
accepts a tuple of two values representing the row and column
indices of the sparse matrix.

It should be noted that aggregator initialization requires only
the source handler in the current prototype implementation. Dur-
ing the buffer flushing operation, the source handler manages the
transfer of buffered data to the remote locale and automatically
handles the creation and transmission of the destination handler
copy. The destination handler performs the actual flushing opera-
tions at the target locale. However, the source handler enables this
process by facilitating the copying mechanism and determining the
appropriate destination locale for data placement.

5.2 Destination Handling

The interface for a user-defined destination handler is shown in
Listing 4. The destination handler serves one primary role: spec-
ifying the flushing operation that defines how data is added to
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the target data structure. In the sparse matrix user-case example,
two main variables are utilized: domVal and arrVal, which repre-
sent the internal record representations for domains and arrays
in Chapel. While these variables are typically hidden from users,
passing the underlying record effectively provides a reference to
the domain and array components that constitute the sparse matrix.
This approach simplifies the implementation by directly accessing
the matrix’s internal structure.

The flush function implementation is straightforward and con-
sists of two main phases. First, an index buffer is created using
Chapel’s internal data structure for sparse domains, which enables
buffering of index values before domain insertion. This approach al-
lows aggregate addition of values to sparse domains without requir-
ing resizing checks for each individual insertion. This represents
an additional buffering layer beyond the remote communication
buffering, necessary because the buffer contains tuples of three ele-
ments that cannot be directly written to the sparse domain. Once all
indices have been added to the sparse domain, the corresponding
values can be inserted into the sparse array. Since the example uses
compressed sparse row (CSR) format, the correct position in the
underlying one-dimensional array must be determined. The imple-
mentation utilizes Chapel’s find method from the Search module,
which performs a binary search for the column index within the ap-
propriate row range to locate the one-dimensional index for storing
the tuple’s value.

6 Experimentation

Experiments were conducted on two distinct systems with varying
interconnects between compute nodes, middleware layers, and
processor counts.

The first system was a Hewlett Packard Enterprise (HPE) Cray
Supercomputing EX equipped with a Slingshot-11 interconnect and
communication managed through libfabric. Each compute node
possessed 2 AMD EPYC 7763 processors with 256 cores total and
512GB memory.

The second system was a high-performance cluster equipped
with an Infiniband HDR 100GB interconnect and communication
managed through GASNet. Each compute node possessed 2 AMD
EPYC 7753 processors with 128 cores total and 512GB memory.

6.1 Generated Data

The Recursive Matrix (RMAT) model provides a scalable approach
for generating synthetic graphs that exhibit properties commonly
found in real-world networks [3]. RMAT graphs are constructed
through a recursive quadrant-based partitioning process that mod-
els the way connections form in many natural and social networks.
The model uses four probability parameters a, b, c, and d that
control the likelihood of edges appearing in each quadrant of a
recursively subdivided adjacency matrix. These parameters allow
RMAT to generate graphs with realistic characteristics such as
power-law degree distributions and small-world properties.

The RMAT generation process begins with an n x n adjacency
matrix and recursively divides it into four quadrants for each bit
position in the vertex indices. At each recursive level, the algorithm
probabilistically assigns edges to quadrants based on the four pa-
rameters: a represents the probability of placement in the upper-left
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23 class DestinationHandler {
24 var domVal;
25 var arrVal;
26
27 proc init(domVal, arrval) {
28 this.domvVal = domvVal;
29 this.arrval = arrval;
30 3}
31
32 inline proc flush(ref rBuffer, const ref remBufferPtr, const ref myBufferIdx) {
33 const (_, locid) = this.domVal.dist.chpl__locTolLocIdx(here);
34 var locIdxBuf = this.domVal.locDoms[locid]!.mySparseBlock._value.createIndexBuffer(bufSize,true,true);
35 for (dstAddr, srcVal) in rBuffer.locallter(remBufferPtr, myBufferIdx) {
36 assert(dstAddr == nil);
37 var (i,j,_) = srcVal;
38 locIdxBuf.add((i, j));
39 3}
40 locIdxBuf.commit();
41 for (dstAddr, srcVal) in rBuffer.locallter(remBufferPtr, myBufferIdx) {
42 assert(dstAddr == nil);
43 var (i,j,v) = srcVal;
44 var (_,loc) = this.domVal.locDoms[locid]!.mySparseBlock._value.find((i,j));
45 this.arrVal.locArr[locid]!.myElems. _value.datalloc] = v;
46 3}
47 }
48 3}
Listing 4: User-Defined Destination Handler

49 forall (i,j) in zip(rows, cols) with (var idxBuf = SparseDom.createIndexBuffer (bufSize)) do
50 idxBuf.add ((i,j));
51 forall (i,j,v) in zip(rows, cols, vals) with (ref SparseArr) do
52 SparseArr[i,j] = v;

Listing 5: Non-Aggregated Sparse Matrix Creation
53 forall (i,j,v) in zip(rows, cols, vals) with (var agg = new CustomDstAggregator(new shared SourceHandler (SparseDom, SparseArr))) do
54 agg.copy ((i,3,v));

Listing 6: Aggregated Sparse Matrix Creation

quadrant, b for upper-right, ¢ for lower-left, and d for lower-right,
wherea + b + ¢ + d = 1. For each edge, the algorithm generates
random numbers to determine which quadrant the edge belongs to
at each level of recursion. The final edge coordinates are computed
by accumulating the quadrant selections across all SCALE levels,
where SCALE = log_2(n).

The RMAT implementation applies a final permutation step that
randomly reorders the vertex indices. This permutation prevents
systematic bias in vertex numbering and ensures that the generated
graph properties are not artificially influenced by the recursive
construction order. The permutation is applied to both source and
destination vertices of each edge, effectively shuffling the final adja-
cency matrix while preserving the underlying structural properties
determined by the RMAT parameters. The Chapel code utilized for
RMAT graph generation for this work can be found in Listing 7.

6.2 Main Experimentation Kernels

Two methods for creating a sparse matrix from three arrays were
implemented: a non-aggregated approach using only index buffer-
ing seen in Listing 5 and an aggregated approach combining both
aggregation and index buffering seen in Listing 6. The aggregated
implementation instantiates a custom destination aggregation ob-
ject with the user-defined source handler. As discussed in Subsec-
tion 5.1, the source handler manages the transmission of destination
handler copies to remote locales during the aggregation process.
The main focus of the following study is to compare the speedup

of the non-aggregated kernel versus the aggregated kernel which

. . T i

is a ratio calculated by —poaeeserion,
Aggregation
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6.3 Discussion

Figure 1 shows the speedup results on the HPE Cray Supercomput-
ing EX system. As shown in the figure, speedup improves with both
the number of locales and the size of the data. While consistent
scalability might be expected for such a study, several factors in-
fluence the comparison between non-aggregation and aggregation
kernels, including the specific system architecture and the nature
of the matrices selected for experimentation.

First, we discuss the effects of using sparse matrices generated
by the RMAT model with the default values given in Subsection
6.1. These default values produce power-law distributed matrices,
where certain rows are significantly more populated than others,
commonly used for scalability benchmarks in graph algorithms
[13]. This random power-law distribution, combined with a sorting
preprocessing step that exploits the SparseIndexBuffer flags for
dataSorted and isUnique as shown in Listing 4, leads to irregular
speedup results. As shown in Figure 1, the speedup factor on 64
and 128 compute nodes is less significant for Scale 16 graphs but
improves as graph size increases. This occurs due to the ratio of
parallel cores to data size when abundant hardware is available,
possibly combined with the sorted power-law indices concentrating
rows with more values entirely on one locale or only a small subset
of locales. This data locality enables more local work, where indices
can be added directly to the local subdomain without transmission
to remote locales. As matrix size increases, the ratio of parallel
resources to workload decreases, causing increased latency and
communication costs as locales must wait for more buffers to be

539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554

556
557
558
559
560
561
562



581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638

SC25-W, November 16-21, 2025, St. Louis, MO

Alvarado Rodriguez et al.

454 7 No Improvement
I Scale 16
Scale 17
40 EEE Scale 18
) BN Scale 19
B Scale 20
3.51
b
s}
D 3.01
<
=~
£y
T
O 2.5
=¥
wv
2.01
1.51
1.0+

4.5x

3.8x

16
Number of Locales

Figure 1: Speedup on the HPE Cray Supercomputing EX system.

flushed. Figure 2 shows a similar trend for the Infiniband HDR-100
system as the HPE Cray Supercomputing EX system.

7 Future Work
7.1 Design Challenges

This work currently focuses exclusively on custom destination
aggregation for sparse matrices. Future work will address both
technical and design challenges associated with more complex
types of aggregation, such as source aggregation.

7.1.1  Source Aggregation Memory Troubles. Source aggregation
presents unique challenges not encountered in destination aggrega-
tion, particularly the risk of memory exhaustion due to unbounded
buffer growth. In source aggregation scenarios, remote buffers des-
tined for local processing can only be validated during the actual
write operation, creating a temporal gap between buffer allocation
and capacity verification. This delay potentially leads to out-of-
memory errors when buffers become oversized before flush tasks
are initiated, as the system cannot predict incoming data volumes
from distributed sources. This issue is less prevalent in destination
buffering because buffers are flushed immediately upon reaching
predetermined capacity thresholds, following a “set-and-forget"
approach that maintains bounded memory usage.

7.1.2  Interface Generalization and Extensibility. The current cus-
tom aggregation interface requires further refinement and broader
applicability testing beyond its current sparse matrix implemen-
tation. The prototype has been validated exclusively with sparse

matrices using pre-distributed Chapel domains and arrays, raising
critical questions about its extensibility to other distributed data
structures. Specifically, the interface must address how users can
aggregate data to remote Chapel lists, dynamic data structures, or
other non-array-based collections that lack the structured indexing
properties of distributed domains.

Currently, users seeking fine-grained control over remote vari-
able initialization face significant implementation complexity. They
must either utilize the replicated variable module across all locales
or create block-distributed arrays sized according to the system’s
locale count, with each array element initialized to contain its own
subsidiary data structure. This approach requires users to perform
explicit indexing operations into block-distributed arrays to extract
their target data structures before performing append or modifi-
cation operations. Additional design questions emerge regarding
whether the interface can support passing dynamic data structures
such as lists as direct references to both source and destination
handlers, or whether the current paradigm of passing underlying
records from block-distributed arrays represents the optimal ab-
straction level.

7.2 Planned Experimental Studies

7.2.1  Community Engagement and Design Proposal. We are plan-
ning to develop a comprehensive design proposal for discussion
within the Chapel community to enhance aggregation productivity
for users requiring fine-grained control over distributed aggrega-
tion operations. Such control mechanisms are particularly critical
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1 proc recursiveMatrixGenerator(a, b, ¢, d, SCALE, n, nnz) {
2 const nRange = 0..<n;
3 const nnzRange = 0..<nnz;
4
5 var randGen = new randomStream(real);
6 var unifRandom = blockDist.createArray({nnzRange}, real);
7 var idx = blockDist.createArray({nnzRange}, (int,int));
8 idx = (1,1);
9
10 // Calculate constants for bit-setting operations
11 const cNorm = c / (1 - (a + b));
12 const aNorm = a / (a + b);
13 const ab = a + b;
14
15 // Generate the indices of each quadrant for the idx
16 for s in 1..SCALE {
17 randGen.fill (unifRandom);
18 var iiBit = unifRandom > ab;
19
20 randGen. fill(unifRandom);
21 var jjBit = unifRandom >
22 (cNorm % iiBit + aNorm x !iiBit);
23
24 idx += assignQuadrant(iiBit, jjBit, 2%x(s-1));
25 3}
26
27 // Apply random permutation to vertex indices
28 var permutation = permute(nRangelndices);
29 forall i in idx.domain with (var agg = new SrcAggregator(int)) {
30 agg.copy(rowl[il, permutationlrow[ill);
31 agg.copy(col[il, permutation[col[ill);
32 3}
33 return (row, col);
34 |3

Listing 7: Sparse Matrix Index Generation using the Recursive Matrix Model (RMAT)
for Graph Mining

for irregular computational patterns, including sparse matrix com-
putations, graph algorithms, and other applications characterized
by unpredictable data access patterns and non-uniform workload
distributions.
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7.2.2  Extended Sparse Matrix Evaluation. An extended empirical
study examining diverse sparse matrix types is planned for the near
future. The current work focused primarily on RMAT-generated
graphs due to their power-law distributions, which align with the
requirements of users currently seeking efficient sparse matrix mul-
tiplication solutions in Arkouda. Future studies will encompass
matrices derived from real-world applications, including scientific
simulations, social network analysis, and machine learning work-
loads, to evaluate the generalizability of the proposed aggregation
techniques across different sparsity patterns and structural char-
acteristics. Further, many parameters exist in the prototype imple-
mentation that can have significant effects on performance such as
the size of the ‘SparselndexBuffer’ set to 128 elements for this work
to the actual size of the buffers utilized during communication, set
by default to 1,024 elements for HPE Cray Supepercomputing EX
systems and 8,192 elements for Infiniband systems.

7.2.3  Large-Scale System Performance Analysis. A comprehensive
system-level performance study is planned to benchmark not only
the sparse matrix creation kernels presented in this paper but also
the complete sparse matrix multiplication pipeline available in Ark-
ouda. This investigation will extend beyond the current Scale 20
evaluation, which generates sparse matrices containing approxi-
mately fifty million non-zero values, to examine performance char-
acteristics at Scale 22 and higher, corresponding to matrices with
hundreds of millions to billions of non-zero elements. The study
will evaluate scalability limits, memory utilization patterns, and
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communication overhead scaling across varying system config-
urations and problem sizes, providing insights into the practical
deployment boundaries of the proposed aggregation framework.

8 Conclusion

This work presents the initial steps towards a general aggregation
framework in Chapel that extends beyond the CopyAggregation
module to support arbitrary remote operations. Our prototype
demonstrates how developers can achieve more granular control
over distributed communication patterns while maintaining the
productivity benefits of Chapel’s global namespace abstraction.

The sparse matrix creation use case serves as a compelling
demonstration of the framework’s potential impact on irregular
applications. By aggregating fine-grained remote operations that
traditionally generate excessive communication overhead, our ap-
proach achieves performance improvements over a high produc-
tive fine-grained version. Our performance evaluation reveals that
aggregation can effectively mitigate communication bottlenecks
inherent in sparse workloads, especially those exhibiting power-
law distributions characteristic of real-world graph and matrix data.
These results validate the hypothesis that explicit aggregation con-
trol can provide more predictable performance benefits than relying
exclusively on compiler optimizations, while still preserving the
high-level programming model that makes Chapel attractive.

The broader implications of this work extend beyond sparse
matrix operations to any Chapel application characterized by irreg-
ular data access patterns. Graph algorithms, sparse data structure
manipulations, and other computations that generate unpredictable
communication patterns stand to benefit from the customizable ag-
gregation mechanisms we have developed. By providing users with
explicit control over aggregation behavior this prototype represents
a step toward resolving the fundamental tension between program-
ming convenience and performance predictability in distributed,
communication-intensive Chapel programs.

Moving forward, the roadmap toward a general aggregation
framework for Chapel requires continued collaboration with the
Chapel community to refine the interface design and expand its
applicability. The lessons learned from this sparse matrix imple-
mentation provide valuable insights for designing aggregation ab-
stractions that can accommodate diverse application requirements
while maintaining the simplicity and expressiveness that define
Chapel’s programming model.
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