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I. INTRODUCTION

Sparse linear algebra kernels are foundational to scientific
computing, from linear solvers to graph algorithms. Despite
their importance, these kernels are notoriously difficult to
accelerate, particularly due to the irregular memory access
patterns that drive them. This memory-boundedness has per-
sisted across CPU and GPU generations and implementations,
as shared memory management and cache hierarchies struggle
with irregular access.

Spatial dataflow architectures offer a new perspective: by
eliminating the cache hierarchy, giving each processing el-
ement (PE) exclusive local memory, and providing an ex-
tremely low-latency on-chip network, they re-frame sparse
computation as a data placement problem — one that has the
potential to reward careful algorithm design with substantial
performance gains. While numerical methods for structured
sparsity on dataflow have seen substantial study — including
my own prior work — my current focus is on the largely unex-
plored frontier of unstructured sparse computation on dataflow,
where the mapping challenges are harder and the potential
gains less well understood. Specifically, my initial focus is
on unstructured sparse matrix-vector products (SpMV) and
sparse triangular solves (SpTRSV), two kernels that appear
consistently throughout scientific computing workloads.

II. BACKGROUND

Dataflow architectures — featuring a 2D mesh of
lightweight PEs, distributed on-chip SRAM, and low-latency
inter-PE communication — offer an alternative to conven-
tional memory hierarchies for scientific computing. Exam-
ples relevant to our work include the Cerebras Wafer-Scale
Engine and Tenstorrent Wormhole [1]. Unlike cache-based
architectures, these platforms expose data movement explic-
itly, making locality a primary concern of algorithm design.
Here, locality refers to the alignment between an algorithm’s
data access patterns and the physical layout of PEs on the
mesh. Algorithms exploiting this architecture-aware locality
can largely reduce the cost of communication and achieve
unprecedented throughput. This has been demonstrated with
the neural network workloads for which these accelerators
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were intended [2], but recent work has also shown strong
performance gains for more scientific workloads.

The most striking numerical results have come from work-
loads with regular, structured data access patterns. Stencil
computations, for example, map naturally to the 2D PE mesh:
each PE owns a contiguous subdomain, and communication
is limited to nearest-neighbor exchanges along the mesh.
This locality-preserving mapping has enabled near-perfect
weak scaling for stencil workloads on both the WSE and
Wormbhole [3]-[5]. Similar success has been demonstrated for
a variety of other numerical kernels that take advantage of
locality in their algorithm design [6]-[9].

My own work contributes to this body of structured results
with an implementation of a conjugate gradient solver on
Tenstorrent’s Wormhole architecture [10]. This work charac-
terizes the programming challenges inherent to the Wormhole
architecture and outlines algorithmic choices that preserve
locality and scaling properties. Critically, it also exposes the
limits of the structured approach: generalizing beyond stencils
to arbitrary sparse operators requires confronting problems
that structured algorithms sidestep entirely. This observation
motivates the central question that guides my current work:
how can unstructured sparse operations be efficiently mapped
to dataflow architectures, and can the performance gains
demonstrated for structured sparsity be recovered?

III. THE MAPPING PROBLEM

Mapping unstructured sparse kernels to dataflow architec-
tures presents various interesting challenges.:

o The irregular communication patterns inherent to un-
structured sparsity make data layout and routing on the
2D mesh a non-trivial design problem — unlike stencils,
there is no natural mapping that preserves locality for all
operators. This challenge lives at the heart of this work.

o Load balance raises a question unique to the dataflow
setting: when does nonzero imbalance across PEs matter,
and when is it acceptable — or even desirable — to leave
lightweight PEs idle rather than redistribute work?

o Some problems introduce data-dependent control flow,
wherein the order in which PEs can make progress
depends on the sparsity structure of the problem, making
static optimizations difficult.



A. Methodology and Evaluation

We focus primarily on the Cerebras WSE in this work. Our
approach involves decomposing various unstructured sparse
operations into 1D collectives, which are simple to implement
and model on the WSE [11]. Specifically, we consider 1D
reductions and 1D broadcasts across a row or column of PEs,
and develop algorithms around these primitives. We consider
a range of different numerical algorithms that map to these 1D
collectives with varying ease. Of our two initial case studies,
SpMYV lies on the simpler end of this spectrum while SpTRSV
introduces dependency complexities that push towards the
other end.

To evaluate these various algorithms, we propose using cor-
responding structured algorithms as a baseline and measuring
the performance of our unstructured algorithms on structured
problems in comparison. This approach aims to capture the
cost of unstructured algorithms in comparison to those that
make assumptions of sparsity structure. We aim to (1) quantify
any overhead and additionally (2) account for it appropriately.
This evaluation will likely also make use of traditional scaling
and performance model methodologies.

IV. CASE STUDY 1: SPMV

Unstructured SpMV is a natural starting point for this work
because it maps cleanly to 1D broadcast and reduction on
the PE grid. Given a sparse matrix A and dense vector z,
our algorithm employs a column and row locality-preserving
(CRLP) data layout for A, where all non-zeros in a matrix
row reside on a single row of PEs and all non-zeros from a
given matrix column reside on a single column of PEs. The
entries of x are distributed along the top row of the grid such
that they align with the corresponding columns of A.

Given this layout, the SpMV can be computed using first a
series of column-wise broadcasts, which migrate each x; to the
PEs owning the corresponding non-zeros A;;. Every PE then
computes the relevant partial products A;;z;, and contributes
to a row-wise 1D reduction accumulating (Azx);.

The simplicity of this mapping makes SpMV a useful tool to
explore different aspects of unstructured sparsity on the WSE.
As an example, consider the potential for ’sparsity-aware’ 1D
collectives: during a given reduction or broadcast, various PEs
may not contribute or require data and can therefore be avoided
all together to reduce latency. To support this, PEs on the
WSE can be configured in a low-latency ’pass-over’ mode,
effectively reducing them to network links. Our ongoing work
explores different approaches to integrate this pass-over mode
into the 1D collectives and optimize them corresponding to
the sparsity patterns of the matrix.

V. CASE STUDY 2: SPTRSV

Sparse triangular solve (SpTRSV) is a fundamental kernel
in scientific computing and has been extensively studied in
many parallel and distributed contexts [12]-[17]. We propose
an algorithm for SpTRSV on the WSE to solve the lower
triangular system Lx = b wherein L is laid out in a CRLP

fashion similar to above. Under this layout, forward substi-
tution through L reduces to a cycle of two 1D collective
operations: a column-wise broadcast to propagate solution
values z; to new rows of L, and a row-wise reduction to
accumulate partial contributions ;j Lijx;. After every row
reduction is complete, a new solution value x; is computed
and redistributed and the cycle repeats.

A. Level-set-aware Layouts

Exploiting level-set structure is the primary mechanism for
extracting parallelism from the otherwise sequential forward
substitution in SpTRSV. We explore mappings of level sets to
the WSE PE grid, looking for layouts that consider both data
locality and parallel utilization.

In the simplest mapping, consecutive level sets are assigned
to consecutive PE rows such that solution values propagate
down the grid as the solve progresses. Since parallelism in
SpTRSV is restricted to within a level-set, this layout restricts
parallelism across PE rows, but allows pipe-lined solves within
PE rows.

In evaluation, row pipelining has shown meaningful perfor-
mance gains, correlating strongly with the number of matrix
rows per level set, as expected. While this approach limits
parallel utilization, it may be particularly well-suited to ap-
plications requiring many successive SpTRSV solves, such
as iterative refinement or repeated preconditioner application,
where multiple solves can be pipelined across the grid.

Alternative level-set mappings are under active exploration.
In particular, distributing rows of a level-set across distinct
PE rows instead exposes substantially more parallelism, at the
cost of more data movement. Understanding these tradeoffs
— and identifying which mappings best exploit the WSE’s
low-latency network for different sparsity structures — is an
ongoing focus of this work.

VI. CURRENT STATUS AND FUTURE WORK

At present, we have working implementations of SpMV
and SpTRSV and are in the process of exploring the opti-
mizations discussed above. Current evaluation is focused on
benchmarking these algorithms at small scale on the cycle-
accurate WSE simulator across matrices from the SuiteSparse
collection, and validating early results with simple perfor-
mance modeling [18]. A third case study for future work is
potentially asynchronous iterative methods on the WSE [19].
The fine-grained, naturally asynchronous nature of dataflow
architectures may be a surprisingly effective platform for such
methods, and such a case study will further test the utility of
our 1D collective methodology.

As a whole, the case studies presented here represent
early steps toward characterizing when and how unstructured
sparse computation can be efficiently mapped to dataflow
architectures. Our methodology aims to test the limits of
the 1D primitives and potentially prompt new approaches for
algorithm design on dataflow.
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