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Abstract
Iterative sparse matrix computations lie at the heart of many scien-
tific computing and graph analytics algorithms. On conventional
systems, their irregular memory accesses and low arithmetic inten-
sity create challenging memory bandwidth bottlenecks. To over-
come such bottlenecks, distributed-SRAM architectures are struc-
tured as an array of tiles, each with a processing element (PE) and
a small local memory, to achieve very high aggregate memory
bandwidth. However, current distributed-SRAM architectures suf-
fer from either poor programmability due to over-specialized PEs or
poor compute performance due to inefficient general-purpose PEs.

We propose Quartz, a new architecture that uses short dataflow
tasks and reconfigurable PEs in a distributed-SRAM system to de-
liver both high performance and high programmability. Unlike
traditional sparse CGRAs or on-die reconfigurable engines, Quartz
allows reconfigurable compute to be highly utilized and scaled by
(1) providing high memory bandwidth to each processing element
and (2) introducing a task-level dataflow execution model that fits
this new setting. Our execution model dynamically reconfigures
each tile’s PE in response to inter-tile messages to execute tasks on
local data. This execution model enables fine-grained data parti-
tioning across tiles. To make execution efficient, we explore novel
data partitioning techniques that use graph and hypergraph parti-
tioning to minimize network traffic and balance load in the face of
both static-static and static-dynamic operand sparsity. To ensure
programmability, we show how a wide range of Einsum-expressible
computations and flexible data distributions can be systematically
captured in small tasks for execution on Quartz.

Quartz’s architecture, data partitioning techniques, and program-
ming model together achieve gmean 21.4× speedup over a prior
state-of-the-art system for six different iterative sparse applications
from scientific computing and graph analytics.
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1 Introduction
Iterative sparse matrix computations lie at the heart of many mod-
ern applications across scientific computing and graph analytics,
such as linear equation solvers, social network analysis, and bioin-
formatics [13, 41, 46, 79, 82]. Many such applications perform linear
algebra operations on sparse matrices and sparse or dense vectors
inside a loop that runs for many iterations. These workloads are
characterized by (1) high sparsity (in the range of 99-99.9999% [39]),
which introduces irregularity into memory access patterns, and
(2) low arithmetic intensity, which increases the frequency of those
accesses. These factors compound to place extreme pressure on
memory bandwidth, which has led prior work to explore a plethora
of accelerators that go beyond conventional memory hierarchies.

A natural fit for such memory-bound computations are architec-
tures built around distributed, high-bandwidth local storage [2, 4,
20, 42, 59, 60, 71, 87, 91]. By placing a small memory at each of many
parallel processing elements (PEs), such systems can achieve low-
latency and low-energy memory accesses and very high aggregate
bandwidth. Current technologies make SRAM best suited for this
architectural style, with numerous commercial and academic works
adopting tiled all-SRAM architectures for iterative workloads in sci-
entific computing, graph analytics, and machine learning that store
all data on-chip for reuse across iterations [2, 20, 30, 42, 59, 60].

However, existing distributed-SRAM architectures suffer from
either poor programmability or poor compute performance.
Some systems, like Azul [30], harden the control flow of a small
number of kernels to achieve high performance in a narrow domain.
However, the wide diversity of operations and control flow in itera-
tive sparse computations demands flexible and programmable hard-
ware. Unfortunately, existing programmable systems trade compute
throughput for generality. Dalorex [59], for example, uses general-
purpose cores as PEs and spends most instruction issue slots on
bookkeeping and address calculation, forcing its compute rate be-
low that which its memory bandwidth could sustain.

We propose a new architecture that uses short dataflow tasks
and reconfigurable compute in a distributed-SRAM system to de-
liver both high performance and high programmability. The value of
reconfigurability for sparse applications has been shown by prior
work [24, 25, 45, 54], but existing systems are either bottlenecked on
memory bandwidth, lack enough PEs to make use of their memory
capacity, or feature execution models optimized for different design
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Figure 1: Contributions of compute hardware and partition-

ing techniques to Quartz’s performance.

objectives that would hinder performance in a distributed-SRAM
setting, such as by restricting data distribution choices across tiles.
We enable recon�gurable compute to be highly utilized and scaled
by (1) providing high memory bandwidth to each PE and (2) in-
troducing a task-level data�ow execution model where PEs are
dynamically recon�gured based on inter-tile messages to execute
tasks on local partitions of data. This signi�cantly raises the upper
bound of performance over existing distributed-SRAM designs.

Our architecture, called Quartz, contains a tiled array of recon�g-
urable processing elements (PEs) that each access a private SRAM
scratchpad and communicate through a scalable network. The it-
erative applications we target each yield a �nite set of short local
task types, and PEs are designed to e�ciently execute instances of
these tasks by con�guring fabrics of functional units and operating
on values from incoming network packets and the local scratchpad.
Quartz decomposes the sparse matrix and vector computations
found in its applications into a small set of sparse primitives and
its PEs make their execution e�cient. With these compute hard-
ware design choices alone, Quartz outperforms a state-of-the-art
distributed-SRAM architecture with general-purpose PEs by 5.7×

and achieves 15.9× better performance per chip area (Fig. 1).
However, to fully harness the performance potential of recon�g-

urable distributed-SRAM systems, data must be carefully partitioned
across tiles. Data partitioning is important for (1) minimizing com-

munication, so that network tra�c does not become a bottleneck,
and (2) balancing work among tiles to avoid underutilization from
waits for the “long pole” computation to �nish. These objectives are
well-studied and relatively straightforward to achieve in regular
problems [85] but challenging and often directly at odds in sparse
computations. Existing partitioning approaches either only address
one objective [59, 60, 87] or address both only for cases in which
all operands have static sparsity patterns (i.e., their distributions of
nonzeros remain unchanged across iterations) [30]. We are the �rst

to both minimize communication and balance load for computations

that also include one operand with dynamic sparsity. We do so with
an approach that includes graph and hypergraph partitioning and
show that it improves performance by an additional 3.7× (Fig. 1).

To make such an architecture programmable, we show how to
take computations expressed as cascades of Einsums [51, 57, 68]
(using an extended notation to encompass graph algorithms and
capture partitioning) and systematically decompose them into sim-
ple tasks that map well to recon�gurable logic. Our novel approach
captures both computation and inter-tile communication in Ein-
sums and their corresponding tasks. Operations are grouped into

tasks di�erently than in existing graph analytics and scienti�c com-
puting accelerators to enable Quartz’s more �exible partitioning.

In summary, Quartz uses recon�gurable compute and task-level
data�ow to capture the performance potential of high-bandwidth
local storage for iterative sparse computations while maintaining
�exibility across diverse workloads. Our novel data partitioning
techniques make execution on this architecture signi�cantly more
e�cient, and systematic task generation makes it programmable.

As a result, Quartz outperforms a state-of-the-art distributed-
SRAM architecture, Dalorex++, by gmean 21.4× (Fig. 1) and an
H100 GPU by gmean 93×. Although Quartz has a much larger area
than an H100, it provides 21× higher performance per area.

We summarize our contributions as follows:

(1) A �exible programming model that translates sparse compu-
tations from Einsums (representing both computation and
communication) into short, spatially partitioned tasks that
can be run on recon�gurable compute units.

(2) A novel architecture that places task-driven recon�gurable
compute engines in a tiled, distributed-SRAM array.

(3) The �rst exploration of partitioning methods that both bal-
ance load and minimize communication for computations
with both static-static and static-dynamic operand sparsity.

2 Motivation and Background

In this section, we �rst describe the characteristics of iterative sparse
matrix computations to motivate our architectural design choices
and the need for programmability. We then show how Quartz �lls
a gap in a taxonomy of existing architectures in this space. Lastly,
we provide background on the Einsum notation used in Sec. 3.

2.1 Characteristics of Iterative Sparse Matrix
Computations

Iterative sparse matrix computations play a key role in scienti�c
computing and graph analytics applications. Fig. 2 shows pseu-
docode for three example applications. Fig. 2(a) shows push-based
Breadth-First Search (BFS). BFS �nds the minimum path length
from an origin node to all other nodes in a graph. Each iteration 8
takes the set of nodes that are 8 hops from the origin and produces
the set at distance 8 + 1. Fig. 2(b) shows conjugate gradients (CG),
an indirect iterative solver for linear systems of the form �G = 1.
Each iteration re�nes a solution vector G via a sparse-matrix vector
multiplication (SpMV) (line 5) followed by elementwise vector oper-
ations and dot products. SpMV is the computational bottleneck due
to its irregular memory access patterns and lack of reuse on matrix
elements. Fig. 2(c) shows Primal-Dual Hybrid Gradients (PDHG),
which is the basis of many �rst-order methods for solving non-
smooth convex optimization problems [7]. It includes two SpMVs
(lines 8 and 11) and vector operations of multiple lengths. All these
applications are structured around loops with sequences of sparse
matrix and vector operations (or operations of similar complexity).
Due to their high sparsity and low reuse, such patterns do not map
well to architectures with conventional memory hierarchies.

While the computations we target from scienti�c computing and
graph analytics have unique operations and control �ow that de-
mand high programmability, they also share four key characteristics
that inform our architectural design choices:
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1 F = bitvec(NUM_NODES , 0) # frontier
2 F_next = bitvec(NUM_NODES , 0)
3 F[start_node] = 1
4 dist = vector(num_nodes , MAX_VALUE)
5 dist[start_node] = 0
6
7 i = 1
8 while F has at least one set bit:
9 for src in range (0.. NUM_NODES):
10 if F[src]:
11 for nbr of src:
12 new_dist = i
13 if new_dist < dist[nbr]:
14 F_next[nbr] = 1
15 dist[nbr] = new_dist
16 F = F_next; reset F_next
17 i++

Fig. 2(a): Pseudocode for push-based BFS.

1 matrices: A
2 vectors: x, r, p
3
4 for i in range(max_iter):
5 Ap = matvec_mul(A, p)
6 alpha = rs_prev / dot(Ap, p)
7 x = x + alpha * p
8 r = r - alpha * Ap
9 rs = dot(r, r)
10
11 if (rs < tol):
12 return x
13
14 beta = rs / rs_prev
15 p = r + beta * p
16 rs_prev = rs

Fig. 2(b): Pseudocode for CG.

1 matrices: K, KT
2 vectors: x, y, x_next , y_next , x_bar
3 scalars: p_resid , d_resid # residuals
4 constants: tau , sigma , c (vec), q (vec

)
5 projection operators "clip" values
6
7 for i in range(max_iter):
8 KTy = matvec_mul(KT, y)
9 x_next = proj_x(x - tau * (c - KTy))
10 x_bar = 2 * x_next - x
11 Kx = matvec_mul(K, x_bar)
12 y_next = proj_y(y + sigma * (q - Kx)

)
13 p_resid = norm(x_next - x)
14 d_resid = norm(y_next - y)
15 x = x_next; y = y_next
16 if max(p_resid , d_resid) < tol:
17 return x, y

Fig. 2(c): Pseudocode for PDHG.

(1) Iterative: The iterative nature of these computations is re-
�ected in the matrix and vector operations inside loops that
are executed hundreds or thousands of times. This allows
us, like prior work [30, 59, 80], to amortize pre-processing
overheads like data partitioning.

(2) Highly Sparse: Sparse matrices and vectors in scienti�c and
graph workloads typically have 99-99.9999% sparsity [39].

(3) Static and Dynamic Sparsity: Operand sparsity patterns
(i.e., the distribution of nonzeros) can either be static, re-
maining unchanged across iterations, or dynamic. In the
algorithms we target, the largest (matrix) operands exhibit
static sparsity, as they represent system state. In all-active

algorithms, like CG and PDHG, all vectors contain nonzeros
at every coordinate during every iteration. However, non-all-
active algorithms, like BFS, contain dynamic vector sparsity.
For example, the sparsity pattern of the frontier vector in BFS
changes across iterations as nodes are added and removed.
Dynamic vector sparsity creates e�ectively dynamic sparsity

in the matrix operand, as the subset of the graph used during
each iteration changes. Dynamic, time-varying behavior is
challenging for data partitioning.

(4) Low Intra-Iteration Arithmetic Intensity: Within each
iteration, the algorithms we target intrinsically have low
arithmetic intensity (ratio of operations computed per byte
of data loaded frommemory) due to low intra-iteration reuse.
For example, SpMV performs a single multiplication for each
matrix element, su�ering zero matrix reuse.

2.2 Taxonomy of Prior Architectures

Quartz �lls a gap in existing literature by combining the throughput
and �exibility of recon�gurable hardware with the per-PE band-
width and capacity characteristics of distributed SRAM. Table 1
classi�es existing accelerators applicable to iterative sparse matrix
computations based on their compute and memory design choices.
Columns indicate whether the key attribute that relieves memory
bandwidth pressure is hierarchy (where most storage is in large,
slow memories, with small caches or scratchpads near compute) or
distribution (where scratchpads near compute are the primary stor-
age element). We focus here on the rightmost column and bottom
row to motivate Quartz; Sec. 7 covers the other categories.

Many commercial and academic systems adopt distributed-SRAM
architectures for scienti�c computing, graph processing, and ma-
chine learning [2, 20, 30, 42, 59, 60]. However, prior work either uses

Table 1: Taxonomy of related work.

Compute

Model

Shared Memory

Hierarchy

Distributed High-Bandwidth

Local Memory

DRAM SRAM

Specialized

Compute Units

GraphPulse [64]

Graphicionado [37]

ExTensor [39]

Tensaurus [72]

Sparsepipe [88]

GUST [32]

GraphR [71]

3D-LiM [90]
Azul [30]

General-

Purpose

Cores

Prodigy [76]

Pipette [53]

DeSC [36]

DSWP [66]

TMU [70]

Tesseract [4]

GraphP [87]

GraphQ [91]

NDC [63]

TOP-PIM [86]

Dalorex [59]

Recon�gurable

Compute Units

Alrescha [10]

PolyGraph [24]

Onyx [45]

Fifer [54]

HRL [31]

NDA [29]

Quartz

(this work)

specialized, �xed-function compute [30] that lacks programmability,
or trades compute throughput for generality using general-purpose
hardware. Such systems, like Dalorex [59], su�er from low memory
access rates due to the large portion of instruction issue slots spent
on bookkeeping and address calculation.

The potential for recon�gurable compute to balance perfor-
mance with programmability for iterative sparse workloads has
been demonstrated (last row of Table 1), but only in settings where
total system performance is bottlenecked by factors other than com-

pute throughput and, thus, di�erent design tradeo�s make sense.
For example, Alrescha [10] uses lightweight recon�gurable logic to
accelerate the data-dependent portions of sparse computations, and
PolyGraph [24] supports many di�erent graph algorithm variants
on CGRAs. However, sparse workloads remain memory-bound
on such systems due to their conventional memory hierarchies,
which caps performance and would underutilize highly scaled com-
pute resources. In addition, the hardware and execution models of
these systems are e�cient when cache locality matters and load
balance among data partitions (which are loaded from memory
and processed over time) does not, but these goals are reversed in
distributed-SRAM systems like Quartz.
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Recon�gurable compute has also been explored in near-data
processing (NDP) architectures (HRL [31], NDA [29]), which stack
memory (DRAM in today’s technology) atop compute to provide
high per-PE bandwidth. However, the strict area and power budgets
of stacked logic limits the number of PEs per memory stack, leaving
too few PEs to make use of the large memory capacity. Distributing
memory into smaller pieces (SRAM today) and scaling tomanymore
PEs can increase parallelism and peak throughput, but necessitates
a more �exible execution model. For example, vertex-based graph
programming models co-locate all outgoing edges of a vertex and
traverse them in a single task. We instead use �ne-grained data
distribution and optimize our hardware for short tasks.

2.3 Einsum Notation

To provide a formal mathematical de�nition of the sparse compu-
tations we target and our execution model, we use Einstein sum-
mation notation, or ‘Einsums’ [11, 68]. Einsums have been widely
used to describe sparse tensor algebra [40, 44] and, recently, more
general computations [51, 52, 57, 89].

Einsums describe operations on tensors, which are the multidi-
mensional generalization of vectors and matrices. A tensor has one
or more ranks, i.e., dimensions. For example, a vector is a rank-1
tensor, a matrix is rank-2. A point is a single data value in the tensor
described by coordinates that index ranks. Ranks are represented
with capital superscript and coordinates with lowercase subscript.

Nayak et al. [51] recently formalized the operational de�nition
of an Einsum: “An Einsum speci�es three things: (1) the input and
output tensors involved and their ranks, (2) an iteration space con-
taining a point for each computation to be performed, and (3) the
speci�c computation to be performed at each point in the iteration
space.” For example, the Einsum for matrix-matrix multiplication is

/",#<,= = �", 
<,:

· � ,#
:,=

There are two input tensors, � and �, on the right-hand side, and
one output tensor, / , on the left. Computing this Einsum requires
�rst enumerating all valid coordinate tuples: here, (" × # ×  ).
At each point in this space, we multiply the speci�ed points in the
input operands, and populate the corresponding point in / . If a
value is already present, we reduce the two values (traditionally,
using addition). Importantly, the Einsum speci�es only what must
be computed, with no requirements on the order in which the
operations occur. Notably, for sparse tensors, some coordinates hold
empty values; multiplications are only performed for coordinates
that survive intersecting the two tensors’ coordinate/value streams
to �nd nonempty values.

In this work, we leverage two recent extensions to Einsum no-
tation [57] that allow it to capture a wider range of applications:
(1) replacing multiplication with any user-speci�ed binary map
operator and replacing addition with any reduce operator, and (2)
using iterative ranks to represent changing tensor values over time.

3 Quartz Programming Model

Fig. 3 shows an overview of Quartz. Quartz is a tiled architecture
with distributed SRAM and many parallel processing elements that
communicate through a network. Computation is performed via
task-level data�ow execution of short, per-tile tasks. In order for

Iterative Einsum 

Cascade

Partitioned Einsum Cascade Resulting Tasks

Step 1: Step 2:

E1

E2

E3
Local E2

Local E3

Local E2

Local E3

E2

E3

E2

E3

Step 3:

PE 0 PE 1 PE 0 PE 1

Legend

= inter-tile 

   send/receive 

= data dependence

E1 E1

colors = different Einsums

Figure 4: Example task construction process for Quartz’s

execution model. Box colors denote corresponding Einsums.

Quartz to be programmable for a wide range of applications, it is
essential to derive a systematic method of converting applications
to recon�gurable hardware-friendly tasks.

Tile0 Tile1

Tile2

Chiplet0

Tile0 Tile1

Chiplet1

Tile0

Tile2

Chiplet2

PE Router

Scratchpad

Tile3 Tile2 Tile3

Figure 3: Overview of

Quartz’s architecture.

The programmer interface for
Quartz is an Einsum representa-
tion of a problem speci�cation. In
this work, we de�ne a system-
atic, highly automatable process
for translating Einsums to task
types (kernels of code that can
then be translated to a CGRA-
like bitstream for execution on a
Quartz PE). De�ning these steps
represents the innovative part of
Quartz’s programming model; we
leave it to future work to encode
them as compiler passes. Partition-
ing (exact techniques described later in Sec. 5) and the instantiation
of resulting tasks of each type are already automated.

Fig. 4 illustrates Quartz’s task generation process for an arbi-
trary iterative sparse matrix computation. In this section, we ex-
plain these steps and illustrate them for a simple example: a single
sparse matrix-vector multiplication. At the end of the section, we
show how this generalizes to more complex and meaningful appli-
cations like the ones evaluated in this work. Sec. 4 further details
the hardware architecture used to execute these tasks.

3.1 Step 1: Einsum Cascades

We begin by converting a problem speci�cation into a cascade of
one or more Einsums, which abstract away implementation choices
about execution order and data representation [51]. We represent
iteration explicitly in the cascade using iterative ranks [57].

Example: SpMV Sparse matrix-vector multiplication
(Fig. 5) can be written as the following Einsum:

/"< = �",#<,= · �#=
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3.2 Step 2: Partitioned Einsum Cascade

As described in Sec. 2, each Einsum prescribes multiple operations,
consisting of map operations on the values at the projections of a
point in the iteration space to a point in each of the operand tensors
(e.g., multiplications in a traditional matrix-vector multiplication)
and reduce operations (e.g., additions). To maximize performance
on Quartz, not all operations associated with the same Einsum will
take place on the same tile or at the same time. Thus, operations must

be grouped into tasks that execute across space and time. One Einsum

may give rise to many tasks, and one task may contain operations

from several Einsums.

𝑨𝑨𝑩𝑩 𝒁𝒁
Figure 5: SpMV. Col-

ored boxes represent

nonzero values.

To determine how to best group
operations into per-tile tasks, we
must �rst account for the fact that
data is partitioned among distributed
memories. Representing partition-
ing explicitly in our cascade is im-
portant because (1) distributing com-
putation gives rise to new computa-

tions, similar to how parallelizing a
program across threads introduces
new reductions and synchronization, and (2) partitioning implies
boundaries between Einsums across which operations cannot be
placed in the same task (as tasks are local to a tile).

We design Quartz’s execution model to be �exible enough to
represent all possible partitionings. This is done by Azul [30] for
tensors in its speci�c domain but is unlike conventional graph
programming models. For example, vertex-based models assume
all outgoing edges of a vertex are co-located and thus group all
operations from exploring a particular vertex into one task. Our
model allows any nonzero to be assigned to any tile in our spatial
architecture, and tensors can be independently partitioned or co-
partitioned. Although individual task instances will process data in
accordance with speci�c partitioning implementations, a �exible
abstract model of partitioning is su�cient to de�ne task types.

To represent partitioning a tensor in our Einsums, we add a
rank that indicates the partition at which each nonzero element
is stored. Since partitions represent di�erent physical locations
in hardware, some duplication and distribution of data elements
becomes necessary. This gives rise to three types of partitioned ten-
sors: (1) strictly partitioned tensors, where each nonzero element is
stored in only one partition, (2) duplicate partitioned tensors, where
each nonzero may be present (with the same value) in multiple par-
titions, and (3) shard partitioned tensors, where each nonzero may
be present in many partitions and whose values will be reduced
(i.e., partial sums in the case of an addition operator). We develop
new notation, detailed below, that represents inter-partition data
transfer using Einsums and we insert cascade steps to support local
accumulations and transfers (additional boxes in Fig. 4 Step 2).

Example: SpMV As shown in the upper panel of Fig. 6, we
strictly partition the input and output tensors to the computa-
tion, i.e., �, �, and / . In order to make all operands for each
map and reduce operation local, we must create a duplicate
partitioned tensor !� to store local copies of elements of �

𝑨𝑨𝑩𝑩 𝒁𝒁 𝑨𝑨𝑩𝑩 𝒁𝒁

𝑨𝑨 𝒁𝒁𝑳𝑳𝑩𝑩 𝑳𝑳𝒁𝒁 𝑩𝑩
𝑨𝑨𝑳𝑳𝑩𝑩 𝑳𝑳𝒁𝒁

Partitioning of A, B, and Z:

Distributed Computation:

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 0 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 1

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 0 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 1 𝒁𝒁𝑩𝑩

Figure 6: Partitioning of SpMV. Dark colors represent

nonzero values stored locally, light colors represent nonzero

values not present locally, and white indicates zeroes.

needed for combination with elements of �. Since results are
computed in di�erent partitions, we must also add an interme-
diate shard partitioned tensor !/ to store local results that are
later reduced across partitions to form / . With the addition
of a partitioning rank, the core operation of SpMV becomes:

!/%,"?,< = �%,",#?,<,= · !�%,#?,=

However, to make this a complete computation, we need to
compute !� from � (i.e., send each vector element �= to all
partitions whose owned elements of � include one or more
with # -index =) and / from !/ (i.e., send each vector ele-
ment !/< to the partition storing /< and reduce it with other
incoming values) (lower panel of Fig. 6). We develop the no-
tion of a distribution tensor to represent these data transfers.
)1?,= = 1 denotes that partition ? needs the value of ele-
ment �= to combine with locally stored elements of �, and
)2?,< = 1 if element /< is assigned to partition ? . Note that
these communication tensors can be represented e�ciently in
hardware: )1 is stored in a “coordinate/payload” representa-
tion that reduces to just a list of coordinates, and ownership
information ()2) uses bitmaps. ) -vectors and partitionings
are computed o�ine. The resulting Einsum cascade is:

!�%,#?,= = ) 1%,#?,= · �%,#@,= (1)

!/%,"?,< = �%,",#?,<,= · !�%,#?,= (2)

/%,"?,< = ) 2%,"?,< · !/%,"@,< (3)

3.3 Step 3: Choice of Data�ow and Loop Fusion

After the full distributed Einsum cascade is constructed, we lower
each Einsum that represents tile-local computation (i.e., that is not
a send/receive Einsum) into a loopnest, as is done in TeAAL [51].
Each task is local to a tile and to an iteration, so to create a task from
a loopnest, we must insert a �xed value for the partitioning rank
(% = ?) and the iteration rank (� = 8). This eliminates loops involving
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those ranks. Since Quartz targets computations that operate on
sparse vectors and matrices (nominally rank-2 tensors), at most
two loops remain. Data�ow (loop order) and data representations
for the remaining loops are chosen to maximize reuse (see example
below). We design Quartz to have simple tasks that contain at most
a single loop, because it simpli�es our hardware design (see Sec. 4.2),
so we split the execution of an outer loop across multiple tasks.

Example: SpMV Einsum 2 in the above cascade performs
tile-local computation. For a particular partition ? , we can
write it as the following loopnest:

for n in N:
for m in M:

LZ_p[m] += A_p[m, n] * LB_p[n]

where LZ_p, A_p, and LB_p are local data structures with the
subset of values at tile ? (each tile will have di�erent nonzeros
from these structures, depending on how data is partitioned).

This computation can proceed in one of two data�ows:
< → = or = → <. Since column values (LB_p[n] values)
arrive from the network at varied times and in a unknown
order, we choose an = →< data�ow and split the iterations of
the= loop into separate tasks. Thus, for each arriving LB_p[n],
we launch a task that scales all local values in that column
of the matrix (loops over the < rank and reuses LB_p[n])
and updates their corresponding elements of the local output
vector. A single task thus computes:

for m in M:
LZ_p[m] += A_p[m, n] * LB_p[n]

Finally, as an optimization, once each non-transfer Einsum has
been written as task loopnests, we fuse the loops of data-dependent
tasks on the same tile to eliminate the need for additional inter-
mediate storage. Tasks that exceed the size of the recon�gurable
fabric are split into multiple smaller chunks. We are left with a
set of task types (Fig. 4 Step 3), each triggered by the arrival of
data or the completion of an earlier task at the same tile. Many
instances of each task type are created on each tile, and additional
optimizations can be applied in hardware to execute each one. The
code described by each task is translated to a bitstream to con�gure
Quartz’s recon�gurable tiles, as is done in CGRAs.

Example: Task Types for SpMV

(1) SendColumnValue sends a column index = and cor-
responding �-value from the owning tile to all tiles
containing elements of � in column = (Einsum 1).

(2) ScaleColumn scales all locally stored elements in a
column of � by the vector element received, reducing
each into their local row sum (Einsum 2).

(3) SendPartialSum sends an index< and its local partial
sum to the tile containing the �nal element for that row
(included in Einsum 3).

(4) UpdateRowSum reduces an incoming partial sum into
a �nal row sum (included in Einsum 3).

3.4 Generalizing to More Complex Applications

We apply these steps to the more complex iterative sparse matrix
applications we target. In practice, applications have between four
and sixteen task types. A complete collection of the Einsum cas-
cades and corresponding task types for all applications evaluated
in this paper appears in [34]. Below we show the task types for BFS.
Although it is more complex than SpMV, grouping operations from
di�erent Einsums allows us to still de�ne just four types:

Example: Task Types for BFS

(1) SendPriorFrontierElement sends an index and dis-
tance value for a node from the prior frontier to all tiles
containing its neighbors.

(2) TraverseEdges traverses the locally stored neighbors
of a particular node : from the prior frontier, �lters
visited nodes based on local information, and updates
a local copy of the surviving nodes’ distances.

(3) SendFrontierCandidate sends the index of a local
candidate for the next frontier and its pending distance
to the tile owning the global copy of its distance.

(4) UpdateFrontier �lters local node candidates for the
next frontier based on (now locally available) global
information, and updates their global distances.

Quartz’s programming model o�ers more �exibility than that of
Dalorex, which shards the original compressed sparse data struc-
tures of operands and splits code into tasks at the pointer indirec-
tions incurred during access. Such an approach is insu�cient to
support arbitrary data distributions and data representations.

4 Quartz Hardware Architecture

Quartz is a multi-chiplet spatial architecture with a large array of
tiles connected by a 2D torus network. As shown in Fig. 7, each tile
contains a processing element (PE), scratchpad SRAM, and router.

4.1 Task-Level Data�ow

Quartz tiles are designed to e�ciently execute short data�ow tasks
(tens of operations on average). Quartz adopts task-level data�ow
execution primarily driven by message-triggered tasks using active
messages [28] (some tasks are instead triggered by the completion
of a local task, as described below). Message-driven execution is
widely used in prior work [28, 56, 61]. Rather than executing a
sequence of instructions stored in memory, as in Dalorex [59] and
Azul [30], each task executes by con�guring and using a fabric of
functional units. Each task is triggered by a single input (a message
or the output of a prior local task) and does not need towait for other
operands to arrive before executing. Any other needed operands
can be retrived from the local scratchpad. As a result, Quartz avoids
hardware overheads of conventional instruction-level data�ow,
where computations wait for multiple inputs [9, 27].

All Quartz tasks have the following structure: (1) receive input
data from the network and/or read local data from the scratchpad,
(2) compute on that data, and (3) write data back to local storage
and/or send data over the network to other tiles. Computing on data
can also involve conditionally loading additional operands from
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Figure 7: Architecture of one Quartz tile.

the scratchpad. For example, the TraverseEdges task from BFS
(described in Sec. 3.4) is triggered by the arrival of a source node
index from the network. It loads all locally stored outgoing edges of
the source node to �nd candidate nodes for the next frontier, loads
the local copy of the current distance to each of those candidate
nodes, and uses the distance value of the source node (stored in the
message argument) to update the distance to all candidate nodes
for which this source node provides a shorter path from the origin.

In order to prevent application-level deadlock across tiles, we
separate the execution of tasks triggered by arriving messages
(Update tasks) from those that send data to other tiles (Send tasks)
on separate recon�gurable fabrics. To bound the storage used by
pending Send tasks, we use bitmaps (implemented as hierarchical
bitmaps, so they can be scanned e�ciently in hardware [43]).

4.2 Sparsity Support

Quartz uses three techniques to decompose the sparse matrix and
vector computations found in its applications into a small set of
sparse primitives and make their execution e�cient.

(1) First, for computations with two ranks (e.g., matrix-vector
multiplication), Quartz chooses a data�ow and then splits
the execution of the outer loop across separate tasks. Each
task executes one outer loop iteration, thus using only a
single data value from one of the operands. Coordinate inter-
sections become degenerate, and the task reduces to simply
scaling a sparse vector. In Quartz’s applications and execu-
tion model, only one of the two possible data�ows allows for
reuse, so Quartz chooses that one. For example, in matrix-
vector multiplication, each Quartz task uses a single data
value from the vector and iterates over a column of values
in the matrix. In TraverseEdges, a single source node is
received and locally stored outgoing edges are traversed.

(2) Quartz leverages static sparsity to store a priori the tiles
to which each vector coordinate/value pair must be sent
to initiate such tasks. As described in Sec. 2.1, all matrix
operands in our workloads have static sparsity. In BFS, for
example, this allows each tile to store the indices of all other
tiles containing outgoing edges of the nodes it owns.

(3) In other operations, Quartz leverages problem structure and
partitioning to guarantee that the nonempty coordinates

of one operand are a subset of the nonempty coordinates
of the other. For example, TraverseEdges creates a sparse
vector of candidate frontier nodes and must update the local
copies of their distances. Step 2 of Quartz’s task genera-
tion process created and partitioned a local distance vector
that is guaranteed to contain all local candidate coordinates.
Sometimes, as an optimization, we can guarantee that the
nonempty coordinates of both operands are identical, yield-
ing a trivial intersection. Quartz achieves this by identically
partitioning operands of an elementwise operation if they
are dense or have the same sparsity pattern, such as G_=4GC
and G_10A in PDHG (Fig. 2(c)).

Using these techniques, Quartz PEs e�ciently support the sparse
operations of a wide range of scienti�c and graph applications
without the need for intersection units and mergers [39, 40, 62, 89].

4.3 Recon�gurable Fabrics

To execute tasks with the structure described above, Quartz PEs
contain recon�gurable fabrics of “fabric units” connected by con-
�gurable routes. Each fabric unit is either a load/store unit or an
arithmetic unit and contains functional circuitry and a small number
of registers. To facilitate streaming data from the scratchpad, which
provides a mechanism to execute loops, load/store fabric units are
simple a�ne pattern generators, like those in Symphony [62] but
with a single loop descriptor. Each can issue strided SRAM accesses
using a decoupled address generator and response handler at a rate
of one load/store per cycle. SRAMs are highly banked (as in the
Cerebras WSE [20]). The SRAMs also use wide word widths (128
bits in our implementation) to enable Quartz to store additional
data, like reduction destinations, alongside tensor values. and allow
wide accesses. The scratchpad bus width is 128-bit to support this
while compute unit widths are standard.

fabric 
unit

fabric 
unit

fabric 
unit

fabric 
unit

fabric 
unit

fabric 
unit

fabric 
unit

fabric 
unit

fabric 
unit

fabric 
unit

Figure 8: Example fabric

units connectivity. Dots

are connection nodes.

Fabric units are connected by
simple connection nodes, which
are con�gurable groups of muxes.
We choose this because the
widely di�ering physical areas
of Quartz fabric units’ functional
units preclude placing them in a
regular grid with a simple mesh
network. Fig. 8 shows fabric units
(green boxes) of varying physi-
cal areas connected by connection
nodes (black dots). Each connection node connects to its adjacent
fabric units and those two hops away to increase �exibility in
single-hop inter-fabric unit routing. Connection nodes interface
with fabric unit inputs and outputs, which are single-element FIFOs
(registers plus valid/ready signals). Such ports allow for functional
units of di�erent latencies, backpressure from stalls due to memory
port contention, and loop execution.

Only a few forms of control �ow are necessary to support Quartz’s
simple tasks: (1) loops dictated by streaming arrays of data from
memory and operating on them, and (2) conditional brancheswithin
or outside those loops. Quartz PEs support (1) via the pattern gen-
eration of load/store units and (2) via steering, like other data�ow

935



MICRO ’25, October 18–22, 2025, Seoul, Republic of Korea Courtney Golden, Axel Feldmann, Joel Emer, and Daniel SanchezMICRO ’25, October 18–22, 2025, Seoul, Republic of Korea Courtney Golden, Axel Feldmann, Joel S. Emer, and Daniel Sanchez

architectures [17, 27, 74], where ALU comparison outputs toggle
valid signals that route data.

Since Quartz PEs dynamically recon�gure as tasks arrive, recon-
�guration must be fast. We perform recon�guration as in Fifer [54],
giving each fabric unit double-bu�ered con�guration cells to preload
the next task’s con�guration during execution of a prior task.

4.4 Inter-Tile Synchronization and Speculation

Quartz uses barrier synchronization between iterations for algo-
rithms where data from one iteration must be written before it is
read in later iterations, like CG and PDHG. Other algorithms, like
BFS, can bene�t from allowing later work to execute speculatively.
Allowing this increases parallelism at the cost of work e�ciency
(from misspeculation). In such cases, Quartz allows interleaving
tasks from two iterations at a time and prioritizes earlier work.

Regardless of interleaving, some global synchronization is nec-
essary in non-all-active algorithms to indicate iteration completion,
since work per iteration is data-dependent. For this, a hierarchically
min-reduced signal is sent from each PE to a designated “control
tile” to track the minimum present iteration with negligible com-
munication cost, similar to barrier networks in supercomputers [3].

4.5 Scalability

Quartz scales to many tiles (16,384 in our con�guration) across mul-
tiple chiplets, enabling signi�cant parallelism. Tiles are connected
by a 2D torus network made up of inter- and intra-chiplet links. To
reduce network congestion, we build multicast trees and reduction

trees, similar to prior work [14, 21, 35, 60]. At compilation/parti-
tioning time, we de�ne hierarchical tree-like paths for distributing
data (multicast trees) and sending partial output values (reduction
trees). Execution of tree-based communication is implemented via
extra task types to avoid additional hardware costs. Intermediate
nodes in reduction trees �lter or reduce values, thus reducing net-
work tra�c. Local bubble routing along each torus ring prevents
network-level deadlock [18].

5 Quartz Partitioning Techniques

5.1 Objectives

In a distributed-memory architecture like Quartz, the method of par-
titioning data across memories signi�cantly impacts performance
because it directly determines network tra�c and load balance. We
partition at a single-element granularity, allowing any nonzero of
each operand to be stored at any tile. To achieve high performance,
our data placement strategy must meet two objectives: (1) load
balance work among tiles, and (2) minimize inter-tile com-

munication. Prior work either addresses only one objective or
addresses both only for all-active workloads with entirely static
sparsity. Quartz’s heuristics optimize for both objectives simultane-
ously, even for workloads with dynamic, time-varying behavior.

Minimizing inter-tile communication means trying to place data
elements that are involved in the same operation on the same
partition and, as a result, increasing reuse within a PE for values
involved in multiple operations. Consider executing partitioned
BFS: Fig. 9 shows its data structures (analogous to those for SpMV
in Sec. 3) and the two types of communication that arise. Matrix
� represents the adjacency matrix (rows are source nodes and
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Figure 9: Data dependences for BFS.
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Figure 10: Visualization of single-objective prior partition-

ing strategies for an example graph’s adjacency matrix and

distance vector. Colors denote tile assignment. The vector is

shown twice, along side and bottom (like Fig. 9), so locality

along both rows and columns can be visualized.

columns are destination nodes), vector � holds distances, and !�
is a local copy of the distances that arises from partitioning. As
in SpMV, minimizing inter-tile communication means co-locating
elements from the same row< of matrix � with the corresponding
element < of vector � , while also co-locating elements in each
column = with element = of � . In our example, tile 0 owns the
distance value for node 0 and tile 1 stores an outgoing edge of node
0, so tile 0 needs to send the current distance to node 0 to tile 1
at the beginning of each iteration. To prevent this communication
from going over the network, we ideally would place all elements in
row 0 of � on the same tile as element �0. Once tile 1 traverses the
edge from node 0 to node 2, it needs to update node 2’s distance by
sending a message to tile 0. Ideally, we would co-locate all elements
in column 2 of � with �2.

5.2 Prior Approaches

5.2.1 Simple Communication Minimization. Some prior systems,
especially those accelerating graph algorithms, focus only on min-
imizing communication by applying coordinate-space [75] tiling
techniques [39, 55] to the matrix �. One common technique is to
assign all nonzeros in each row of� to the same partition as the cor-
responding element of� (shown in Fig. 10 (left)). Unfortunately, the
number of nonzeros per row can be highly uneven (e.g., in power-
law graphs), causing signi�cant load imbalance. and signi�cant
communication can still arise between elements of a column.

5.2.2 Simple Load Balancing. Alternatively, other work [59] fo-
cuses only on load balance by distributing nonzero data values
from � and � equally among tiles in a round-robin fashion (shown
in Fig. 10 (right)). However, with this approach, elements in the same
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Figure 11: Visualization of hypergraph partitioning for the

same example as Fig. 10. Colors denote tile assignment.

row or column are almost always scattered across tiles, causing
high network tra�c. Other systems use position-based tiling: tiles of
nonuniform size (in coordinate space) that group consecutive nonze-
ros and equalize the number of nonzeros per tile. For example, prior
systems often �atten a tensor and then assign blocks of contiguous
nonzeros, even if they span multiple rows [15, 50], or construct
2D tiles of nonuniform coordinate dimensions (SparseP [33]). Un-
fortunately, as noted by Azul [30], position-based tiling does not
minimize communication unless matrices are spatially correlated,
which is not always the case.

5.2.3 Addressing Both for All-Active Algorithms. Prior work has
addressed both objectives simultaneously only for all-active algo-
rithms with entirely static sparsity [30]. For such computations,
partitioning strategies that minimize communication and balance
load for just one iteration will work well for the entire algorithm.

We use the all-active, static-only sparsity partitioning method
employed in Azul [30] as one step in our partitioning process, so we
describe it in some detail here using our BFS example. This method
involves representing the data-dependences between operands as a
hypergraph. A hypergraph is a generalization of a graph where each
edge (hyperedge) can connect arbitrarily many nodes instead of just
two [16]. We construct a hypergraph � (separate from the original
input graph to BFS) that contains a node for each nonzero of � and
element of � and add hyperedges connecting elements involved in
the same computations. Under this formulation, if connected nodes
were placed in separate partitions, inducing a “cut” in the hyperedge,
a message would need to be sent over the network between tiles.
To minimize communication, we can partition the nodes of this
hypergraph into groups of roughly equal size while minimizing the
total number of “cuts” in hyperedges (i.e., minimizing the number of
messages that must be sent over the network). Mature hypergraph
partitioning algorithms exist to solve this problem [19]. Fig. 11
illustrates hypergraph partitioning by showing the e�ect on both
the adjacency matrix and the original input graph (� is not shown).
Data elements that share a row or column aremore often assigned to
the same tile than with round-robin partitioning, and data elements
are more evenly balanced across tiles compared to row-partitioning.

5.3 Quartz’s Approach

Quartz’s strategy involves (1) extending the all-active approach
above to account for physical locality in placement that improves

Clustering 

via Graph 

Partitioning

Per-Cluster 

Hypergraph 

Partitioning

Figure 12: Schematic of Quartz’s two-phase partitioning.

performance on large systems and (2) introducing a two-phase
approach to capture dynamic behavior in non-all-active algorithms.

5.3.1 Physical Locality in Placement. While the hypergraph par-
titioning approach above minimizes the number of inter-tile mes-
sages sent for all-active computations (which have only static spar-
sity), it does not ensure that inter-tile messages do not need to
travel long physical distances. To do so, we want dependent data
elements that are assigned to di�erent partitions to be placed in
nearby tiles. We achieve this by applying hypergraph partitioning
recursively—�rst across chiplets, then across tiles in each chiplet.

5.3.2 Data-Dependent Behavior. Recursive hypergraph partition-
ing alone is not su�cient to load balance non-all-active compu-
tations because they contain dynamically sparse vector operands
and introduce time-variation in the e�ective sparsity pattern of
even statically sparse operands. In BFS, the sparsity pattern of the
frontier vector changes across iterations, so only a subset of the
elements of � are used during each iteration. If we execute BFS
using the tile assignments shown in Fig. 11, we will be activating
only one or two PEs during many of the iterations. Even if the
execution of iterations is overlapped, data should be assigned to
tiles such that all tiles are equally busy at any point in time.

As a larger example, consider running BFS on a road graph.
Hypergraph partitioning will map local chunks of the graph to
partitions (e.g., mapping the roads of each city to a single tile). This
hurts load balance, as the BFS traversal will only operate on a few
partitions at once (i.e., a few tiles). To achieve a good partitioning,
we must balance locality and load balance. In the road graph, this
can be achieved by creating clusters that are larger than a single
partition but still capture locality (e.g., the roads of an entire state
rather than a city) and distributing each of those clusters more
widely (e.g., across all tiles). Our partitioning algorithm builds on
this insight to address the locality-balance tradeo�.

Our key contribution is that although it is not known a priori
which elements will be used at a given point in time, there are
useful heuristics leveraging the insight above that can be applied to
partition at compile-time to load balance even in the face of dynamic
run-time behavior. Quartz uses the following two-phase approach:

(1) Identify data elements that are likely to be used in the same
iteration and place them into clusters.

(2) Independently partition each cluster across all of Quartz’s
tiles, minimizing intra-cluster communication.

For example, in BFS, element usage timing depends on the starting
vertex. Tomake Quartz useful for dynamically serving graph-search
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queries, the partitioning must be e�cient across all possible start-
ing vertices. To solve this, we formulate the clustering problem as
a graph partitioning problem using the original input graph as-is

(without constructing any new data structures). Graph partitioning
separates nodes into equally sized groups optimizing for a mini-
mal edge cut. We use standard methods [19] to partition the input
graph. Each resulting cluster then approximates the behavior of an
all-active algorithm, so we apply our recursive hypergraph parti-
tioning technique (from Sec. 5.3.1) to distribute each cluster among
all tiles. Fig. 12 illustrates our approach. Note that this technique
increases NoC tra�c over hypergraph alone, but allows for much
better load balance, achieving higher performance (Sec. 6).

6 Evaluation

6.1 Methodology

We evaluate the multi-chiplet Quartz con�guration in Table 2. We
provision 2,048 tiles per chiplet and scale to 16,384 tiles total across
8 chiplets. Each tile has 452 KB of SRAM (a 448 KB data SRAM
and a 4 KB task queue/con�guration SRAM), providing aggregate
capacity of 7.1 GB. Data SRAMs are highly banked (as in Cerebras
WSE [48]), with 8 banks each that support 128-bit (or narrower)
accesses.

We clock Quartz at 1 GHz, and model 2-cycle SRAM accesses,
consistent with published 7nm SRAM data [84]. On-chiplet links are
short and ASAP7 global wires support 112ps/mm, so link traversal
and links between fabric units each �t comfortably in one cycle.
Modern silicon interposer technology can allow for 0.1ns inter-
chiplet hops [22], which also �ts within one cycle.

6.1.1 Simulator. We use a cycle-accurate simulator to understand
performance and resource utilization, where each system compo-
nent is represented as an object that ticks according to a global
clock signal. Our simulator accounts for contention in the network
by explicitly modeling routers, messages, and backpressure, and
we validate functional correctness against CPU implementations.

6.1.2 Applications. We evaluate Quartz on six applications from
graph analytics and scienti�c computing. We implement push-
based breadth-�rst search (BFS), Moore’s algorithm [69] for single-
source shortest path (SSSP), and label-propagation [38] for weakly-
connected components (WCC). We run two types of linear solvers,
conjugate gradients (CG) and Chebyshev iteration (CHB), both
with the identity preconditioner. We also run Primal-Dual Hybrid
Gradient (PDHG), a popular �rst-order method for non-smooth con-
vex optimization problems [7]. For graph applications, we follow
standard practice in evaluating traversed edges per second (or giga-
TEP/s) [1]. We compute e�ectual work (unique edges traversed).

6.1.3 Datasets. For our graph algorithms, we evaluate on both
real-world and synthetic graphs. Real-world graphs are chosen
from SuiteSparse [26] to include a range of sizes and application
domains (social networks, roads, webpages, citation patterns, DNA
analysis, and computational geometry). For BFS, we use unweighted
directed graphs; for SSSP, weighted directed graphs; and for WCC,
undirected graphs. We also add a synthetic graph, Kron-21 [47]. For
CG and CHB, we select symmetric, positive-de�nite matrices from
SuiteSparse [26] that represent physics and engineering simulations.

Table 2: Evaluated Quartz hardware con�guration.

Chiplet Con�guration 8 chiplets

Tile Con�guration

2048 tiles per chiplet (16384 total),
Recon�guration: 147 B and 33 B for update & send fabrics
Update Fabric Units: 8 load units, 8 store units, 1 FPMUL,
6 FPADD, 1 FPDIV, 16 INTALU
Send Fabric Units: 3 load units, 3 store units, 2 INTALU

SRAM Scratchpads
(448+4) KB/tile (904 MB/chiplet; 7.1GB total),
2 cycles per access, pipelined,
8 ports per data SRAM, 128b wide

Clock Frequency 1 GHz

Network
2D bidirectional torus, 128-bit links,
1 cycle/hop on both inter-chiplet and intra-chiplet links,
8 TB/s bisection bandwidth

Table 3: Matrices used to evaluate Quartz. Rows/cols speci�ed

separately for PDHG because all others are square.

BFS Matrix nnz n CG Matrix nnz n

amazon0302 1.23e6 2.62e5 G3_circuit 7.66e6 1.59e6
delaunay_n23 5.03e7 8.39e6 bundle_adj 2.02e7 5.13e5
GAP_road 5.77e7 2.39e7 StocF_1465 2.10e7 1.47e6
Kron21 6.35e7 1.24e6 bone010 4.79e7 9.87e5
soc_LiveJournal1 6.90e7 4.85e6 Hook_1498 5.94e7 1.50e6
cage15 9.92e7 5.15e6 Serena 6.41e7 1.39e6
wikipedia 1.01e8 4.21e6 Flan_1565 1.14e8 1.56e6

SSSP Matrix nnz n CHB Matrix nnz n

appu 1.85e6 1.40e4 G3_circuit 7.66e6 1.59e6
web_Google 8.64e6 9.16e5 bundle_adj 2.02e7 5.13e5
italy_osm 1.40e7 6.69e6 StocF_1465 2.10e7 1.47e6
sx_stackover�ow 3.62e7 2.60e6 bone010 4.79e7 9.87e5
Kron21 6.35e7 1.24e6 Hook_1498 5.94e7 1.50e6
cage15 9.92e7 5.15e6 Serena 6.41e7 1.39e6
wikipedia 1.01e8 4.21e6 Flan_1565 1.14e8 1.56e6

WCCMatrix nnz n PDHG Matrix nnz rows cols

auto 6.63e6 4.49e5 bab3 3.30e6 2.31e4 3.94e5
web_Google 8.64e6 9.16e5 ds_big 4.62e6 1.04e3 1.75e5
hugetrace_00000 1.38e7 4.59e6 rmine25 7.18e6 2.95e6 3.27e5
coPapersDBLP 3.05e7 5.40e5 square41 1.36e7 4.02e4 6.22e4
Kron21_undir 6.35e7 1.24e6 ns1663818 2.04e7 1.72e5 1.25e5
com_LiveJournal 6.94e7 4.00e6 mspp16 2.77e7 5.62e5 2.93e4
mycielskian17 1.00e8 9.83e4 L2CTA3D 3.00e7 2.10e5 1.00e7

For PDHG, we take linear programs from the Mittelman Suite
(included in SuiteSparse). Table 3 lists these datasets.

6.1.4 Baselines. We compare quantitatively to the state-of-the-art
distributed-SRAM architecture that is programmable enough to
support general applications, Dalorex [59], and to an NVIDIA H100
GPU. We model Dalorex by replacing the Quartz specialized PEs
with a model of an in-order RISC core and extracting operation
latencies from Dalorex’s open-source simulator [58]. We gener-
ously give the baseline multicast and reduction trees, calling it
“Dalorex++”, and provision it with the same memory capacity and
PE count as Quartz. For comparisons to an H100 GPU, we use the
best state-of-the-art libraries openly available for each application:
Gunrock [81] for BFS, cuGraph [5] for SSSP and WCC, Ginkgo [6]
for CG and CHB, and cuPDLP [49] for PDHG. We also compare
qualitatively to other architectures with shared memory hierarchies
and near-data processing (DRAM-based) systems.

6.1.5 Partitioning. We use the PaToH v3.3 [19] library to perform
graph and hypergraph partitioning.
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Figure 14: Quartz performance results by dataset.

6.2 Comparison to Baselines

6.2.1 Dalorex++. Fig. 13 shows the performance of Quartz relative
to Dalorex++ for each application. Each bar reports gmean perfor-
mance across inputs. Quartz substantially outperforms Dalorex++
on all applications, achieving a gmean 21.4× speedup. On the best-
performing application, Chebyshev iteration, Quartz achieves 38%
utilization of peak throughput (16 TMUL/s).

Fig. 14 reports speedups on individual inputs. Matrices are or-
dered in terms of ascending number of nonzeros. The performance
of each input largely depends on how well Quartz’s partitioning
can exploit the sparsity structure of the matrix. For example, Quartz
achieves good performance on web_Google for SSSP and WCC be-
cause its low diameter and clustered structure allow graph and
hypergraph partitioning to extract signi�cant locality.

6.2.2 Other Architectures. Architectures that optimize sharedmem-
ory hierarchies, while attaining reuse of values in local storage, are
ultimately bottlenecked on memory bandwidth. PolyGraph [24]
and Alrescha [10] which use recon�gurable logic with a shared
memory hierarchy, have 512 GB/s and 288 GB/s of memory band-
width, respectively. In contrast, Quartz utilizes on average 280 TB/s
of memory bandwidth. Even conservatively accounting for reuse
in these workloads (e.g., through tiling and preprocessing) and op-
timistically assuming saturated memory bandwidth, Quartz would
be about two orders of magnitude faster. Similarly, HRL [31], a
state-of-the-art NDP system that uses recon�gurable logic within
stacked DRAM, contains 8 stacks with an aggregate bandwidth of
1 TB/s. Even if this bandwidth is saturated, Quartz signi�cantly
outperforms HRL’s peak throughput because it distributes memory
capacity among more PEs and e�ectively utilizes its higher aggre-
gate bandwidth. Additionally, Quartz achieves gmean 93× speedup

Table 4: Comparison of Quartz and H100 GPU.

Matrix
GPU

Execution
Time (ms)

Quartz
Speedup

Energy E�ciency
Comparison
(Quartz Perf/J
vs. GPU Perf/J)

Area E�ciency
Comparison

(Quartz

Perf/mm2

vs. GPU

Perf/mm2)

B
FS

wikipedia 6.72 117.97 1.95e3 26.67
soc_LiveJournal1 3.91 108.99 2.77e3 24.64
amazon0302 3.48 368.32 2.97e4 83.28
GAP_road 325.39 624.79 8.90e4 141.27
delaunay_n23 61.18 384.98 3.42e4 87.05
cage15 5.24 95.31 2.77e3 21.55
Kron21 17.51 478.74 3.88e4 108.25

SS
SP

italy_osm 2.78e3 5.91e3 8.81e6 1.34e3
cage15 40.59 507.89 7.60e4 114.84
web_Google 12.44 1.77e3 5.56e5 399.30
sx_stackover�ow 13.58 524.64 5.72e4 118.63
Kron21 10.00 271.06 1.41e4 61.29
appu 13.27 575.23 5.68e4 130.07
wikipedia 72.53 206.25 8.08e3 46.63

W
C
C

auto 2.82 40.36 235.49 9.13
Kron21_undir 5.03 31.05 194.95 7.02
mycielskian17 3.86 39.39 578.32 8.91
web_Google 5.32 240.92 8.20e3 54.48
coPapersDBLP 3.36 59.04 557.45 13.35
hugetrace_00000 6.05 11.31 23.51 2.56
com_LiveJournal 4.95 26.93 154.60 6.09

C
G

Flan_1565 1.18 57.79 1.21e3 13.07
Serena 0.80 67.69 1.67e3 15.31
Hook_1498 0.77 73.39 1.91e3 16.60
bone010 0.77 54.83 1.13e3 12.40
StocF_1465 0.44 53.70 1.23e3 12.14
bundle_adj 0.33 60.01 1.44e3 13.57
G3_circuit 0.27 65.34 848.78 14.77

C
H
B

Flan_1565 1.03 55.79 1.08e3 12.61
Serena 0.71 70.83 1.70e3 16.01
Hook_1498 0.69 82.58 2.18e3 18.67
bone010 0.68 50.97 954.72 11.53
StocF_1465 0.40 63.75 1.35e3 14.41
bundle_adj 0.31 91.61 2.62e3 20.71
G3_circuit 0.25 118.47 3.39e3 26.79

P
D
H
G

L2CTA3D 0.71 13.67 128.90 3.09
mspp16 0.46 27.32 411.44 6.18
ns1663818 0.23 13.64 115.47 3.08
rmine25 0.20 22.66 255.87 5.12
ds_big 0.09 26.22 228.46 5.93
square41 0.16 21.75 203.89 4.92
bab3 0.10 19.19 132.93 4.34

gmean 2.36 93.02 2.40e3 21.03

over an H100 GPU. Table 4 shows a comparison of Quartz and GPU
performance for each application.

6.3 Performance Breakdown

6.3.1 Ablation. Fig. 1 (Sec. 1) shows the contributions to Quartz’s
performance that result from its recon�gurable PEs and partitioning
strategies, respectively. Distributed-SRAM with many thousands
of PEs o�ers high aggregate bandwidth and hardware parallelism
that can translate to high performance. Quartz achieves an average
of 4.4 TMUL/s on �oating-point applications (28% of peak) and 6.6

TOP/s on integer applications.
Relative to Dalorex’s in-order cores, Quartz PEs eliminate many

of the cycles spent on instruction fetch and address calculation.
In addition to those control di�erences, however, Quartz PEs also
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provide more functional units that can be con�gured as a custom
pipeline. This can spatially execute an entire loop iteration for most
Quartz tasks, allowing a throughput of 1 element/cycle. In contrast,
producing each output element in Dalorex requires sending mul-
tiple data-dependent instructions down a generic pipeline. This
hardware change provides 5.7× speedup. Quartz PEs add minimal
recon�guration time overhead, and their performance comes at a
modest area cost since SRAM dominates chip area (see Sec. 6.5).

Once this compute bottleneck is cleared, network tra�c limits
the performance of “Quartz HW & Dalorex Partitioning”. Quartz
partitioning techniques for both all-active and non-all-active algo-
rithms boost performance by an additional 3.7× over Dalorex++.

6.3.2 Partitioning Strategies. Fig. 15 shows the e�ect of di�erent
partitioning strategies on performance, using Quartz PE hardware.
Each bar shows gmean performance across inputs. Fig. 16 reports
the reduction in NoC tra�c across techniques, shown in number
of link traversals relative to the baseline. We run round-robin (RR),
position-based tilings (Contiguous Nonzero Blocks (CNB) and 2D
variable-sized SparseP [33]), plain hypergraph, and Quartz’s re-
cursive hypergraph partitioning on all benchmarks, plus Quartz’s
two-step partitioning on non-all-active algorithms. Plain hyper-
graph was used in prior specialized systems [30]; for some domains,
including graphs, we are the �rst to apply it to an accelerator.

CNB partitioning reduces link activations over RR by grouping
nonzeros along rows, but sees worse load balance due to its distribu-
tion of vector elements. Although each tile receives an equal number
of vector elements, elements confer di�erent numbers of reduction-
s/multicasts (depending on matrix sparsity pattern). Clumping or

spatial nonuniformities in the matrix make distributing contigu-
ous blocks of vector elements (as in CNB) induce load imbalance.
SparseP underperforms CNB. In some cases this is due to increased
communication because neither row nor column communication is
fully minimized; other times is due to load imbalance from vector
distribution, as elements are distributed to the �rst tile containing a
dependent matrix nonzero. Since it makes fewer incorrect assump-
tions about sparsity patterns, hypergraph partitioning outperforms
all three techniques.

For all-active algorithms, recursively applying hypergraph par-
titioning reduces average hops per message by 21% over regular
hypergraph, boosting overall gmean throughput by 5%.

For non-all-active algorithms, recursively applying hypergraph
partitioning also reduces network tra�c, leading to performance
bene�ts on many inputs. However, recursive partitioning can some-
times introduce greater load imbalance, since each partitioning call
allows some amount of load imbalance and recursive calls com-
pound these tolerances. These two factors compete to determine
performance.

Nonetheless, for non-all-active algorithms, Quartz’s two-phase
approach outperforms all other techniques, by 3.6× over the base-
line round-robin strategy, and by 1.4× over recursive hypergraph,
due to its ability to still exploit locality while load balancing better.
It increases NoC tra�c, by about 2.5× over recursive hypergraph,
but achieves better load balance and thus improves performance.

6.4 Partitioning Costs

Quartz’s partitioning techniques take gmean 18.5 minutes across
all applications and datasets. Although this cost is high, parti-
tioning time is amortized over both the many iterations of each
algorithm and many runs of the algorithm with the same input
sparsity pattern. For example, navigation and route planning ap-
plications operate on road network graphs that change rarely but
serve many user queries [78] (i.e., millions of runs with a single
partitioning, which could each take thousands of iterations). Sim-
ilarly, physics simulations solve a linear system at each timestep,
reusing the same matrix (which describes the physical system)
across iterations, across timesteps, and across runs with di�erent
initial conditions. Simulating a system with 1us-timesteps for 10
simulated seconds with 1000 iterations per solve already requires
10 billion iterations [30].

Prior Graph500 submissions and linear solver accelerators also
pay extremely high preprocessing costs. The top Graph500 submis-
sion from November 2024, using the Fugaku supercomputer, spends
1000× longer in preprocessing than the runtime of a single BFS
(678.9 seconds preprocessing for a scale-43 graph, while BFS for
it takes 0.69 seconds with the reported throughput) [8]. Similarly,
prior work on optimization problem accelerators has gone as far as
synthesizing entire FPGA designs based on a single input sparsity
pattern, which takes far longer than Quartz’s partitioning [80]. The
hypergraph partitioning used in Azul [30] is used for similarly sized
problems as Quartz. But by decomposing the problem into smaller
pieces, Quartz’s recurisve and two-step partitionings actually take
less time than plain hypergraph (which takes gmean 20.9minutes).

Furthermore, prior work has shown that it is often possible
to develop cheaper heuristics that achieve a large fraction of the
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Figure 17: Power breakdown for Quartz.

performance gains of partitioning [12]. We believe it is valuable to
identify the best high-quality partitioning methods available and
leave it to future work to develop faster heuristics for our methods.

6.5 Area, Power, and Energy

6.5.1 Methodology. We estimate Quartz’s area and power in a
7nm process node [23]. SRAM area is calculated using FN-CAC-
TI [67] in ASAP7 [23]. Following prior work [30, 59], we estimate
SRAM per-access energy and leakage power by scaling published
data on fabricated 7nm SRAM [84]. This gives 11.6 pJ per 128-
bit read and 18.2 pJ per 128-bit write to a 56KB SRAM bank. PE
areas and energies are estimated from synthesizing functional units
and individual components in ASAP7 [23] using a combination
of Yosys [83] and Synopsys Design Compiler. Network area and
energy are estimated using DSENT [73] at a 22nm process node
that we scale down to 7nm. For I/O, we conservatively add a single
512 GB/s HBM2e PHY sized at 15mm2 [65]. Importantly, note that
this is purely used for initial con�guration and loading data, as
Quartz does not fetch data from o�-chip memory during program
execution.

Table 5: Area estimates for one

Quartz chiplet.

Unit Area

PEs 2048 × 0.0668mm2 = 136.88mm2

Routers 2048 × 0.0016mm2 = 3.28mm2

SRAMs 2048 × 0.3721mm2 = 294.13mm2

I/O 15 mm2

Total 449mm2

6.5.2 Results. Table 5
shows the area break-
down of aQuartz chiplet.
Each chiplet is 68% SRAM
by area and 32% com-
pute. Quartz uses this
signi�cant on-chipmem-
ory to support meaning-
ful problem sizes, and
can be scaled to larger problem sizes with more chiplets. Quartz
achieves gmean 21× higher area e�ciency (FLOPS/mm2) than an
H100 GPU. Table 4 shows the improvement for each application.

Fig. 17 shows Quartz’s power consumption breakdown. Because
Quartz partitions data e�ectively, NoC energy is amuch smaller con-
tributor to power consumption than in Dalorex [59]. Rather, SRAM
heavily dominates power consumption, as in prior all-SRAM de-
signs with specialized partitioning methods [30]. Aside from SRAM,
note that di�erent algorithms display di�erent power-usage char-
acteristics. For �oating point computations such as CG, compute
consumes a signi�cant fraction of the remaining power. For inte-
ger computations like BFS, no complex arithmetic is executed and
network tra�c instead dominates. Quartz achieves gmean 2223×

higher energy e�ciency (FLOPS/J) than an H100 GPU. Table 4
shows the improvement for each application.

7 Additional Related Work

All the accelerators with shared memory hierarchies from Table 1
implement optimizations to increase reuse on sparse computa-
tions. Systems like Prodigy [76] and DeSC [36] use decoupling
or prefetching. Others [37, 64] hide latency with custom pipelines.
ExTensor [39] and Tensaurus [72] target large sparse kernels with
high internal reuse (e.g., in matrix multiplication). However, all are
memory-bottlenecked for workloads with no/limited reuse.

Quartz faces di�erent design tradeo�s than recon�gurable sys-
tems with shared memory hierarchies. Alrescha [10] uses simple
coordinate-space tiling; partitions are loaded from memory and
processed over time, so cache locality is important and load balance
among blocks is not. In contrast, Quartz’s high hardware paral-
lelism makes partition load balance important, and its �ne-grained
partitioning makes original matrix cache line locality irrelevant.

ARENA [77] explores task-based execution of HPC applications
on recon�gurable nodes, but is specialized for much smaller systems
(e.g., 16 nodes, not 16K). Quartz allows for greater scalability via
point-to-point messages, and having many short tasks eliminates
the need for ARENA’s complex multi-threading techniques.

While HRL [31], NDA [29], and Quartz all use PEs based on
CGRAs, they contain substantial architectural di�erences arising
from di�erent memory and taskmodels. HRL and NDA are designed
around sending DRAM requests (sometimes remote to non-local
stacks) and thus contain extra bu�ering to hide long latencies. In
contrast, Quartz guarantees all accesses are local so PE design can
be simpli�ed. Also, HRL and NDA use MapReduce-based compute
models with a few long-running phases that may contain complex
control �ow. In contrast, Quartz PEs execute short, simple data�ow
tasks, and thus contain hardware support for fast recon�guration
and omit unnecessary structures for more complex control �ow.

In addition to the techniques described in Sec. 5, temporal and
spatial graph slicing does not su�ce to meet our objectives. For
example, PolyGraph [24] slices graphs using bounded depth-�rst
search followed by round-robin partitioning of each slice. But slices
are processed over time so load balance is unimportant. GraphR [71]
traverses small sections of input graphs in row- or column-major
order, which fails to fully exploit locality among data elements.

8 Conclusion

Iterative sparsematrix computations are pervasive across graph ana-
lytics and scienti�c computing. Although prior distributed-memory
architectures overcome memory bottlenecks, they su�er from ei-
ther poor programmability or poor compute performance. Quartz
uses short data�ow tasks and recon�gurable compute engines, com-
bined with novel data partitioning techniques, to deliver both high
programmability and high performance. Our Quartz implementa-
tion achieves gmean 21.4× speedup over a prior state-of-the-art
system across six sparse workloads.
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