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Abstract—Sparse high-order tensors are a key computational
primitive across diverse domains, including large language mod-
els, scientific computing, recommendation systems, and multi-
dimensional signal processing. Existing work primarily relies
on tensor contraction to unfold high-order tensors into two-
dimensional sparse–dense matrix multiplications (SpMM), en-
abling direct reuse of well-studied SpMM optimization tech-
niques. A complementary line of research adopts tensor-native
approaches, which operate directly on the multi-dimensional ten-
sor structure to improve data locality. However, both unfolding-
based and tensor-native techniques are inefficient to fully exploit
data reuse in sparse high-order tensor computations, due to
(1) the expansion of matrix dimensions and (2) missed reuse
opportunities across different tensor modes.

In this paper, we posit that matricization dismantles high-
dimensional data reuse, erasing the correlations among nonzero
elements across multiple tensor modes. We propose TensorPrism,
a novel acceleration framework for sparse high-order tensor
computation based on a co-occurrence graph abstraction. The
central idea is to transform a high-order tensor into a co-
occurrence graph that captures nonzero correlations across all
tensor dimensions. Building on this abstraction, TensorPrism
introduces three key designs. First, we formulate a co-occurrence
graph representation that redefines dataflow and tiling to improve
data reuse. Second, we introduce a new dataflow strategy that
enhances reuse opportunities across tensor modes. Finally, we
provide an efficient accelerator design tailored to the graph-based
computation. Our evaluation shows that TensorPrism delivers
performance speedups of 2.22×, 2.40×, 1.71×, and 1.76× over
state-of-the-art designs SPADE [1], HotTiles [2], GSpTC [3], and
TCP [4], respectively.

I. INTRODUCTION

Sparse high-order tensor operations are pervasive in modern
machine learning and scientific applications ranging from
large language models (LLMs) [5], [6] to recommendation
systems [7]. For example, transformer-based LLMs [5] operate
on a 4-dimensional activation tensor, including batch, head,
sequence length, and channel dimensions, and therefore, the
attention computation is abstracted as a high-order tensor
contraction rather than a simple two-dimensional matrix mul-
tiplication. However, sparse high-order tensor computations
pose fundamental challenges because sparsity varies across
dimensions, which limits both spatial and temporal data lo-
cality. The challenge is compounded by complex sparsity
dependencies that span multiple tensor modes.

Prior work [8]–[11] attempted to accelerate sparse ten-
sor contraction by unfolding tensors into two-dimensional
sparse–dense matrix multiplications (SpMM). This reformu-
lation enables the direct use of well-established matrix multi-

plication optimization techniques, including dataflow schedul-
ing, tiling, and matrix reordering, to enhance data reuse
and parallelism. For instance, inner-product [10], [12], [13],
outer-product [14], [15], and row-wise dataflows [16]–[18]
have been extensively adopted to improve locality in SpMM
kernels. Sparse matrix reordering techniques such as matrix
reordering [19], column permutation [20], [21], and graph
islandization [22] have been explored to regularize sparsity
patterns. In addition, adaptive matrix tiling [18], [23], [24] has
proven effective at balancing the distribution of nonzero ele-
ments across partitions. However, tensor unfolding dismantles
high-dimensional data reuse, erasing the correlations among
nonzero elements across multiple tensor modes [25].

In addition, recent efforts have explored tensor-native ap-
proaches that optimize contraction directly in the multi-
dimensional tensor domain rather than unfolding it to SpMMs.
For example, Gündüz et al. [26] represent sparse tensors as
hypergraphs and leverage KaHyPar [27] to obtain partitions
with minimal edge cuts while maintaining load balance.
TCP [4] directly optimizes reuse at the tensor level rather
than relying on unfolded matrix forms. GSpTC [3] further
proposes fine-grained partitioning and scheduling techniques
to improve parallelism in sparse tensor contraction. Despite
significant efforts, existing approaches primarily depend on
high-dimensional loop transformations or hypergraph formu-
lations to extract data reuse in sparse tensors. However, their
complexity increases rapidly with tensor order, making it
difficult to extract reuse across dimensions.

In this paper, we argue that the core limitation of existing
sparse tensor contraction methods is the absence of cross-
dimensional correlations. Conventional tensor and hypergraph
abstractions are ineffective at exposing high-dimensional data
reuse across tensor modes and parallelism opportunities. For
example, in hypergraphs, coordinate overlap is not directly
provided to capture cross-dimensional nonzero relationships.
Our key insight is to record such crucial information through a
co-occurrence graph that exposes cross-dimensional relation-
ships, enabling a new transformation framework for designing
efficient tensor contraction accelerators.

Specifically, this paper makes the following contributions:

• We propose a new graph formulation that transforms
sparse high-order tensors into a co-occurrence graph
whose weighted edges encode cross-mode nonzero corre-
lations, enabling quantification of both input and output
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TABLE I
TENSOR CONTRACTION APPLICATIONS AND CHARACTERISTICS.

Application Order Density Range Representative Designs

Large Language & Deep Learning Models
LLM Attention Activation 4 Highly–Mildly (0%-50%) BigBird [28], MInference [29]
DNN Convolutional Feature Map 4 Highly–Mildly (0%–40%) NullHop [30], Cnvlutin [31]

Computer Vision
Video Clip Temporal Tensor 5 Highly–Mildly (0%–50%) DeltaCNN [32], SparseTem [33]
Volumetric Medical Image (CT/MRI) 3–5 Highly Sparse (0%–10%) Submanifold [34], MinkowskiEngine [35]

Scientific & High-Performance Computing
LiDAR Point Cloud Voxel 3 Highly Sparse (0%–10%) VoxelNet [36], PointPillars [37]
Numerical Multilinear Algebra 3–6+ Diverse Sparse (0%–99%) Tucker [38], TensorLy [39]
Atmospheric Spatial Event 3–5 Highly Sparse (0%–10%) ESS’20 [40],ESA’26 [41]

Recommendation Systems
User-Item-Context Interaction 3–4 Highly Sparse (0%–5%) PITF [42], RecSys’10 [43]

Quantum Computing Simulation
Quantum State Tensor 20–400 Highly–Mildly (0%–50%) GraFeyn [44], qblaze [45]

reuse and providing a theoretical basis for dataflow and
tiling optimization.

• Leveraging the co-occurrence graph abstraction, we for-
mulate high-order tensor tiling as a modified Prize-
Collecting Steiner Tree (PCST) problem to exploit data
reuse across high-order tensors while ensuring workload
balance. This reduces the complexity of tiling from
traditional matrix or hypergraph approaches to linear
time. Moreover, we introduce a graph-based dataflow
that systematically captures high-dimensional data reuse,
in contrast to traditional techniques constrained to two-
dimensional representations.

• We propose a hardware accelerator based on the graph
dataflow, including a co-occurrence-graph scheduler and
unified PE array specialized for clique-based tensor con-
traction. The architecture dynamically constructs parti-
tions, exploits discovered reuse, and handles irregular
tensor shapes.

We conduct a detailed performance and energy evaluation
through simulation and show that TensorPrism delivers per-
formance speedups of 2.22×, 2.40×, 1.71×, and 1.76× over
state-of-the-art designs SPADE [1], HotTiles [2], GSpTC [3],
and TCP [4], respectively.

II. BACKGROUND

A. High-order Tensor Contraction

High-order tensors, which extend matrices to three or more
dimensions, are a foundational computational abstraction in
contemporary machine learning and scientific computing. For
example, transformer-based large language models employ
fourth-order attention tensors to capture token-to-token de-
pendencies across batch, sequence, and head dimensions. A
high-order tensor is a multi-dimensional array in which each
dimension corresponds to a mode, and its order (i.e., rank) is
defined as the total number of dimensions. A fiber is the tensor
analogue of a vector along a given mode. For instance, given
a 3-order tensor as shown in Figure 1, AI,J,K ∈ RI×J×K , its
coordinates can be presented as a list c; e.g., if c = i, j, then
Ai,j,k = Ac,k.

Tensor contraction [46], [47] generalizes matrix multiplica-
tion to higher dimensions. Essentially, tensor contraction com-
putes a sum over shared modes between two or more tensors,
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Fig. 1. High-order tensor contraction, Hypergraph, and Co-occurrence graph.

producing an output tensor of reduced order. Specifically, the
tensor contraction could be formulated as:

Cf1,f2 =
∑
c

A{f1},{c}B{c},{f2} (1)

Here, {f1} and {f2} denote the free modes that are not
involved in contraction, while {c} represents the contraction
modes. Importantly, the fiber length along every contraction
mode in one operand must match the corresponding fiber
length in the other operand. If the two input tensors contain
m and n modes, respectively, the resulting tensor will have
m+n−2|{c}| modes, where |{c}| is the number of contraction
modes. For instance, as illustrated in Fig. 1(a), contracting
tensors AI,J,K and BK,L produces a third-order tensor CI,J,L.

Essentially, tensor contraction transforms high-order matrix
multiplication into a sequence of matrix multiplications. Com-
mon approaches include mode unfolding (matrixization), Ein-
stein summation lowering (einsum), and loop transformation.
While these methods enable reusing optimized sparse–dense
matrix multiplication (SpMM) kernels, they introduce sev-
eral limitations: (1) unfolding can inflate intermediate matrix
dimensions by orders of magnitude, (2) different unfolding
choices lead to different sparsity patterns, making optimiza-
tion mode-dependent, and (3) compromised data reuse and
intermediate data reuse due to tensor unfolding.

Tensor Contraction in Real-world Applications. Sparse
tensor contraction has emerged as a fundamental computa-
tional kernel across a wide spectrum of real-world applica-
tions, spanning from machine learning to scientific computing.
Table I summarizes applications of high-order tensor contrac-
tion across diverse tensor orders and density characteristics.
For example, in LLMs, multi-head attention operates on 4D
tensors (batch, heads, sequence length, channel dimension),
where the attention scores and context are computed via
contractions over the feature dimension [48]. In computer
vision and video analytics, activations and inputs are nat-
urally 4D–5D, and operations such as 3D convolution can
be expressed as high-order contractions across channel and
kernel modes. In scientific computing, atmospheric and ocean
simulations represent evolving physical fields as high-order
tensors over time, latitude, longitude, altitude level, and phys-
ical variables. Even though prior work, such as Trapezoid [49]
and Misam [50], improves the performance of sparse tensor
computation across varying sparsity ratios, current solutions
primarily target low-order tensors. Consequently, high-order
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sparse contractions remain largely underexplored.

B. Hypergraph and Co-occurrence Graph

Graph theory has been widely used to find parallelism and
data reuse opportunities for sparse tensor computations [51].
For example, sparse-dense matrix multiplication (SpMM),
Y = AX , can be equivalently expressed as a graph compu-
tation, and vice versa, where A ∈ RN×N is a sparse matrix,
X ∈ RN×F is a dense feature matrix, and Y ∈ RN×F is
the output. When interpreting A as the adjacency matrix of a
graph G = (V,E) with |V | = N , each nonzero entry Aij ̸= 0
corresponds to a directed edge j → i.

Similarly, as shown in Figure 1, high-order tensors can
be represented as hypergraphs or co-occurrence graphs. For
example, a hypergraph generalizes a traditional graph by
allowing a single edge to connect an arbitrary number of
vertices. Formally, a hypergraph is defined as H = (V, E),
where V denotes the vertex set and each hyperedge e ∈ E is a
subset of V with |e| ≥ 2. Consider a simple example with six
vertices V = {v1, v2, v3, v4, v5, v6}, three hyperedges capture
high-order relationships: e1 = {v1, v2, v3}, e2 = {v2, v3},
and e3 = {v3, v5, v6}, which results in the hypergraph
H = (V, E), E = {e1, e2, e3}.

A co-occurrence graph provides an alternative represen-
tation that encodes hyperedge relationships using weighted
pairwise edges. Any pair of vertices (vi, vj) is connected
if they co-occur in at least one hyperedge, and the edge
weight equals the number of hyperedges in which they co-
exist w(vi, vj) = |{e ∈ E | vi, vj ∈ e}|. For example, as
illustrated in Figure 1, two hyperedges involving v2 and v3 are
represented as a single edge with weight 2. This preserves the
vertex set but converts hyperedge connectivity into pairwise
edge representation, enabling reuse of well-established graph-
based optimizations.

C. Prize-Collecting Steiner Tree

The Prize-Collecting Steiner Tree (PCST) [52] is a classical
combinatorial optimization problem in graph theory. Given an
undirected graph G = (V,E), each edge e ∈ E is associated

with a non-negative cost ce, and each vertex v ∈ V is assigned
a non-negative prize πv . The objective of PCST is to identify
a connected subgraph that balances the trade-off between
minimizing edge costs and maximizing collected prizes (e.g.,
optimization objective). Formally, let T = (VT , ET ) denote
a tree with VT ⊆ V and ET ⊆ E. The objective function
is defined as: minT

(∑
e∈ET

ce +
∑

v/∈VT
πv

)
. PCST has

been widely used for combinatorial optimization in large-scale
graph systems.

III. MOTIVATION AND CHALLENGES

A. Dataflow in High-order Tensor Contraction

Sparse tensor contraction commonly flattens high-order ten-
sors into two-dimensional forms to leverage existing SpMM
optimizations such as matrix tiling and dataflow. For example,
the 3D tensor contraction Ci,j,l =

∑
k Ai,j,k × Bk,l, with

A ∈ RI×J×K and B ∈ RK×L, produces an output tensor
C ∈ RI×J×L that keeps modes (i, j) intact and contracts
over mode k. The 3D tensor can be unfolded along either the
J-mode (JIK, KL → JIL) or the I-mode (IJK, KL → IJL) using
einsum notation. Mathematically, the unfolding reshapes
matrix A into a matrix of size (JI ×K) or a matrix of size
(IJ×K). By unfolding, the high-order sparse tensor operation
is mapped to a traditional SpMM kernel, such as CM,L =
AM,K ×BK,L (e.g., M = IJ or M = JI), which allows the
reuse of established dataflow techniques such as inner-product,
outer-product, and Gustavson algorithm [10], [15], [53]–[55].
Specifically, the inner-product dataflow optimizes reuse of the
output matrix, but it suffers from relatively poor locality for
the input dense matrix because the dense inputs could be
fetched repeatedly. The outer-product dataflow achieves high
reuse and locality for the dense operand (i.e., Patial CM,L =∑

k A:,k × Bk,:) by broadcasting dense rows (i.e., Bk,:)
along the shared dimension, but it often requires substantial
storage for partial sums (or expensive synchronization of
Patial CM,L) to accumulate scattered updates to the output.
The Gustavson dataflow fetches one row of sparse tensor at
a time and streams the corresponding rows from the input
matrix into output accumulation, balancing input and output
data locality.

In addition, traditional matrix tiling and reordering tech-
niques remain applicable for optimizing data locality in sparse
tensor contraction. For example, the unfolded tensor can be
tiled along the free modes (the I and J dimensions) or along
the contraction mode (the K dimension). Despite their higher
dimensionality, sparse high-order tensors can still be reordered
to expose locally dense subregions, thereby enhancing com-
putational regularity and improving data locality.

B. Challenges in Tensor Contraction

As high-order tensors become increasingly common in to-
day’s applications, optimization techniques generally fall into
two categories: (1) unfolding tensors into lower-dimensional
operations and (2) directly operating on tensors natively.
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TABLE II
CONCLUSION OF STATE-OF-THE-ART SPARSE ACCELERATION DESIGNS.

Prior
Designs

Tensor
Order

Tensor
Repr.

Dataflow
Strategy

Operation
Kernel

Tiling
Strategy

Cross-mode
Dep. Capture

Sparse-dense Matrix Multiplication

ExTensor [10] Matrix/Tensor 2D Unfolding Inner-product SpMM&SpMSpM Fixed ✗

DRT [24] Matrix/Tensor 2D Unfolding Inner/Outer/Row-wise SpMM&SpMSpM Dynamic Reflexive ✗

SEXTANS [23] Matrix 2D Unfolding Row-wise SpMM Adaptive ✗

SPADE [1] Matrix 2D Unfolding Row-wise SpMM Adaptive ✗

HotTiles [2] Matrix 2D Unfolding Row-wise SpMM Heterogeneous ✗

Trapezoid [49] Matrix 2D Unfolding Inner/Gustavson SpMSpM Fixed ✗

Misam [50] Matrix 2D Unfolding Inner/Outer/Row-wise SpMM&SpMSpM ML-driven ✗

Sparse Convolution Networks

SCNN [56] Tensor 2D Unfolding Inner-product Contraction(Conv) - ✗

Sparten [57] Tensor 2D Unfolding Row-wise Contraction(Conv) - ✗

Traditional Tensor Contraction

GSpTC [3] Tensor Native Tensor Outer-product Contraction Chunk-based

TCP [4] Tensor Native Tensor Inner-product Contraction Dynamic

Co-occurrence Graph-driven Tensor Contraction

TensorPrism 2D Graph Co-occurrence Graph Graph-native Contraction PCST-based ✓

: Partial cross-mode dependency capture (limited to unfolded or single-mode analysis).

1) Unfolding high-order tensors to 2D SpMM Kernels:
Even though SpMM optimization techniques [1], [10], [22]–
[24], [58], [59] can still be applied to high-order sparse tensor
computation, unfolding tensors into lower-dimensional forms
inflates input metadata and misses reuse opportunities.

Metadata Overhead for Sparse Tensor Unfolding. Meta-
data for sparse tensor unfolding can increase significantly
when an unfolded mode becomes a product of multiple di-
mensions. For example, as shown in Figure 2, a third-order
tensor Ai,j,k can be matricized by grouping (i, j) into the row
index, which leads to a matrix of size (IJ)×K (equivalently
(JI)×K). In tensor-native sparse formats, metadata typically
scales with the sum of mode sizes, i.e., O(I + J +K). After
unfolding into a sparse matrix format that uses per-row/per-
column pointers (e.g., CSR/CSC), the metadata scales with
the number of rows or columns. As a result, the size becomes
O(IJ + K). Consequently, when a mode size explodes into
a product such as IJ , the metadata can dominate the storage
cost even if the number of nonzeros remains unchanged.

Reuse Distance Issues for Tensor Unfolding. Beyond
metadata overhead, tensor unfolding can also compromise
locality by (1) increasing reuse distance and (2) reducing
immediate reuse opportunities. Inspired by reuse distance
analysis in cache performance modeling [60], we define reuse
distance as the number of distinct sparse rows (or columns)
accessed between two consecutive accesses to the same row
(or column) of the dense tensor. As illustrated in Figure 2, for
a third-order sparse tensor Ai,j,k, the maximum reuse distance
is bounded by I+J (the sum of the free-mode extents), since
the coordinate information in the two free modes is sufficient
to identify a unique sparse data element. After unfolding
(i, j) into a single matrix dimension, the corresponding bound
inflates to I × J (the product of the free-mode extents).
This expansion can substantially degrade temporal locality and
exceed the capacity of the limited on-chip storage.

Unfolding also reduces the number of adjacent neighbors
available for immediate reuse. In a 2D sparse matrix, each
nonzero can have at most four structurally adjacent neighbors
that share a row or column index. These adjacent nonzero
elements typically reuse the same dense tensors. In contrast,
in a third-order tensor, each nonzero can share an index with
neighbors along three modes, increasing the total number of
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Fig. 3. Data reuse analysis with various tensor dimensions.

adjacent neighbors to six. The combination of fewer adja-
cent neighbors and a much larger worst-case reuse distance
highlights compromised data locality when representing sparse
tensors as 2D matrices.

We summarize state-of-the-art sparse accelerator designs in
Table II. Specifically, Extensor [10] improves sparse kernel
efficiency via coordinate intersection mechanisms; however,
its benefits for SpMM are limited, as the dense matrix
operand does not require intersection, restricting the over-
all optimization potential. DRT [24] extends Extensor by
introducing dynamic sparsity-aware tiling with flexible tile
sizes to better exploit data locality. More recent designs,
including Trapezoid [49] and Misam [50], target a broader
spectrum of input density ranges. Trapezoid adapts to in-
creasing row/column intersection parallelism and multi-fiber
intersection dataflows, whereas Misam leverages an ML-
driven decision tree to dynamically select hardware config-
urations(e.g., compression format, PE numbers) and dataflows
tailored to the input characteristics. While prior work maps
multi-dimensional tensors into two-dimensional space to ex-
ploit efficient data locality and cross-mode data reuse, over-
looking higher-dimensional index semantics makes parts of the
computation irrecoverable when mapping intermediate results
back to the original tensor domain. As shown in Figure 3,
our results show that current loop transformation techniques in
tensor unfolding fail to capture 50-60% of potential data reuse.
This inefficiency is exacerbated in higher dimensions used in
scientific applications, such as quantum simulation [45], where
nearly 90% of reuse opportunities go unharnessed.

2) Tensor-native Dataflow Optimization: Recent work
avoids the drawbacks of tensor unfolding by adopting tensor-
native strategies that enhance data reuse and computational
efficiency. Gündüz et al. [26] represent sparse tensors as hy-
pergraphs and leverage KaHyPar [27] to obtain partitions with
minimal edge cuts while maintaining load balance. TCP [4]
directly optimizes reuse at the tensor level rather than relying
on unfolded matrix forms. GSpTC [3] further proposes fine-
grained partitioning and scheduling techniques to improve
parallelism in sparse tensor contraction.

GSpTC and TCP extend outer-product and inner-product
dataflows to high-order tensor contractions. For example,
outer-product dataflow broadcasts a contraction-mode vector
(e.g., dense input tensors) to accumulate partial results across
free-mode output locations (e.g., output tensors), which ef-
fectively captures input reuse. Similarly, the inner-product
dataflow computes each output entry as a dot product between
a sparse row of the sparse input and the corresponding dense
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column, iterating over the contraction-mode operands (e.g.,
dense input) and accumulating into a single fixed output
accumulator to maximize output locality and reuse. However,
current dataflows are inefficient in simultaneously capturing
(1) both input and output reuse and (2) cross-mode reuse.

IV. GRAPH ABSTRACTION OF TENSOR CONTRACTION

Graph abstractions have been explored to model tensor
computations and improve data locality and parallelism [10],
[26], [27], [55]. However, applying current graph abstractions
directly to sparse tensor contraction remains challenging due to
(1) their limited ability to capture high-order tensor structures,
and (2) the complexity that grows with contraction order when
exploring cross-dimensional sparsity relationships. To address
this issue, we reformulate sparse high-order tensor contraction
using a Co-occurrence Graph that reveals inherent data reuse
and parallel execution opportunities. For example, converting
hyperedges into pairwise weighted edges in co-occurrence
graphs can enable efficient reordering without losing high-
order semantics.

Co-occurrence Graph Abstraction for Sparse Tensor
Contraction. For two-dimensional tensors [8], [9], [11], sparse
matrix–dense matrix multiplication (SpMM) and graph com-
putation are mathematically equivalent, where each nonzero
tensor element corresponds to a graph vertex, while edges
represent aggregation operations that accumulate rows of the
input dense matrix. When extending to high-order tensors, a
single vertex (i.e., a coordinate index) can no longer uniquely
identify a nonzero element, since multiple indices are required
to locate an entry in a high-dimensional space. Consequently,
hypergraphs were introduced to encode nonzero elements,
where each hyperedge captures the full set of high-order tensor
indices. While hypergraphs list all nonzero tensor elements
as hyperedges, extracting index overlap, an indicator of data
reuse, remains challenging. To this end, we repurpose the
co-occurrence graph for sparse high-order tensors, enabling
explicit tracking of index overlap while preserving hyperedges
to recover the original nonzero elements in high-dimensional
space. For example, in a co-occurrence graph as shown in Fig-
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ure 4(a), each vertex represents an index of the sparse tensor,
and edges capture the connectivity and frequency of their co-
occurrence. Both the hypergraph and the co-occurrence graph
are mathematically equivalent.

Specifically, for a given co-occurrence graph CoG =
(V,E), the edge weight between vertices i and j could be
directly formulated to represent the nonzero element in the
sparse tensor A as:

W ((i, j)) = nnz(A[..; i; ..; j; ..]), ∀i, j (2)

For a third-order sparse tensor AI,J,K , its co-occurrence
graph CoG(V,E) contains |V | = I+J+K vertices. As shown
in Figure 4(b), a 2 × 2 × 2 tensor generates a co-occurrence
graph with |V | = 6 vertices, where vertices I0 and K1 exhibit
a co-occurrence weight of W (I0,K1) = nnz(A[I0, :,K1]) =
2. A complete subgraph, such as a clique (I0, J0, and K0),
corresponds to a nonzero tensor element. Each nonzero tensor
indicates one vector-wise operation similar to SpMM.

However, unlike conventional SpMM dataflows such as
the Push (outer-product), Pull (inner-product), or Gustavson
execution models, the pull/push behavior of vertices in a co-
occurrence graph cannot be mapped directly to traditional
inner- or outer-product execution. In tensor contraction, the
dataflow is determined by both pull/push operations and index
mode. For example, vertices corresponding to the contraction
modes (e.g., modes K) determine the vector location in the
input dense tensor, whereas vertices associated with the free
modes (e.g., mode I and J) determine the output tensor loca-
tions. Specifically, vertices I0 and J0 identify the destination
vector in the output matrix, while vertex K0 selects the source
vector in the dense input matrix. The pull or push operations
on the destination vertex set {I0, J0} are equivalent to inner-
or outer-product execution.

Quantify Reuse in Sparse Tensor Contraction. Quantify-
ing data reuse in sparse tensor computations is difficult due to
irregular sparsity patterns. The fundamental challenge lies in
that coordinate representations of sparse tensors do not expose
their sparsity structure. For SpMM and sparse tensor contrac-
tion, tiling along tensor dimensions, whether adaptive or fixed,
does not ensure that both input dense matrices are reduced to
their minimum possible dimensions. Such variations also make
data reuse difficult to quantify. Graph abstraction provides
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a way to quantify data reuse in sparse tensor contraction.
By co-locating vertex connectivity, it captures reuse through
hyperedge intersections as shown in Figure 5. Please note that
we only use hyperedge to visualize the data reuse, and we
measure the data reuse directly on the co-occurrence graph.
Tensor contraction exhibits two distinct forms of reuse: (1)
input reuse from shared vertices in contraction modes, and
(2) output reuse from shared vertices in free modes.

Input reuse occurs when two hyperedges share a vertex K
in a contraction mode. In this case, both hyperedges access
the same subtensor B[K, :], but contribute to different output
coordinates in C. As illustrated in Figure 5(a), the subtensor
B[K0, :] is reused by hyperedges (I0, J0,K0) and (I1, J1,K0)
to update C[I0, J0, :] and C[I1, J1, :], respectively.

Output reuse, in contrast, occurs when two hyperedges
share vertices in free modes. When hyperedges overlap on
free-mode vertices, they access different input elements but
accumulate into the same output location. As shown in Fig-
ure 5(b), the output subtensor C[I0, J0, :] aggregates contribu-
tions from both B[K0, :] and B[K1, :], because vertices I0 and
J0 are shared by hyperedges (I0, J0,K0) and (I0, J0,K1).

Formally, we could extract the reuse of sparse tensor
contraction using its co-occurrence graph abstraction. Given
a co-occurrence graph CoG(V,E) for tensor contraction:
C{f1},{f2} = A{f1},{c}×B{c},{f2}, the reuse of sparse tensor
contraction thus can be expressed as:

Reuse =

∑
vi∈Vf1

D(vi)

|{f1}|
+

∑
vj∈Vc

D(vj)

|{c}|
−

∏
vi∈Vc

vi−
∏

vj∈Vf1

vj (3)

Here, Vc is the contraction mode vertices and Vf1 is the
free mode vertices in the co-occurrence graph. D(V ) is the
degree of each vertex. As such, the tensor tiling problem can
be naturally formed as a graph partitioning problem.

A. DRAM Access Modeling for Tensor Contraction

To explicitly model DRAM access for tensor contraction,
we propose an analytical model based on co-occurrence
graph abstraction, where all tensor dimensions are consid-
ered. Specifically, we use Compressed Sparse Row format
(CSR) [61], [62] to store the co-occurrence graph, so the
memory footprint of the co-occurrence graph representing an
r-order tensor containing N nonzero elements is:

MCSR = (
∑

|r|+ 1)× 4 + E × 4 (4)

where E represents the count of edges that do not overlap
between the two index vertices, which is E << N ×

(
r
2

)
.

Here, we use 32-bit floating-point precision (i.e., FP32). As
such, each data point is 4 bytes.

For a given tensor contraction: C{f1},{f2} = A{f1},{c} ×
B{c},{f2} with a co-occurrence graph CoG(V,E), partitioning
the co-occurrence will directly affect the tiling factors for all
tensors A, B, and C, as vertex indices of sparse tensor A,
f1 and c, are part of tensors B and C. Please note that both
f1 and c represent sets of free-mode and contraction-mode
indices as the tensor dimensionality increases. Tiling along
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Fig. 6. Proposed modified Prize-collection Steiner tree partitioning algorithm
for co-occurrence graph-based sparse tensor partitioning.
f1 impacts the storage requirement of the output tensor C,
whereas adjusting the tiling factor along c affects the storage
footprint of tensor B. The tensor dimension, f2, is shared by
both tensors B and C, and its tiling factor (Mt) determines
the data locality for both dense tensors. A smaller Mt value
enables more fibers of the sparse tensor A to reside in the on-
chip buffer, vice versa. To find an optimal set of tiling factors,
we analyze the memory consumption of dense tensor B and
C as well as sparse tensor A in the constrained on-chip buffer
capacity Mcap:

(
∏

Vci
∈Vc

|Vci
|+

∏
Vfj

∈Vf1

|Vfj
|)× 4×Mt+

4× (2× E
p
I + E

p
X) ≤Mcap

(5)

Here, Ep
I represents internal edges (both endpoints in parti-

tion p), and Ep
X represents cut edges (one endpoint in partition

p). Factor 2 represents that CoG is an undirected graph.
Based on the DRAM access model, we can determine that

the number of vertices from both the free and contraction
modes should be grouped into each partition.

B. Co-occurrence Graph Partitioning for Tensor Contraction

The formulation of the co-occurrence graph implies that
tiling sparse tensors is critical in determining workload distri-
bution, optimizing data locality, and ultimately selecting an
appropriate dataflow. While several hypergraph partitioning
algorithms [63]–[66] for tensor contraction have been pro-
posed, they are typically limited to balancing the number of
vertices and reducing edge cuts. This is because the hyperedge
representation captures individual nonzero elements but not
their sparsity patterns. Given the enriched semantics of co-
occurrence graph, we repurpose the Prize-Collecting Steiner
Tree (PCST) algorithm [52], called CoGTP, to select a con-
nected subset of vertices that maximizes data reuse and work-
load balancing minus connectivity cost. The formulation of our
PCST algorithm adheres to the following set of objectives.

Intra-Tile Data Reuse. As discussed earlier, edge weights
in the co-occurrence graph quantify reuse frequency during
tensor contraction. Grouping vertices connected by high-
weight edges within the same partition increases temporal
locality and minimizes redundant tensor fetches.

Inter-Tile Connectivity. Cross-partition connectivity occurs
when indices contributing to the same contraction reside in
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Algorithm 1: Co-occurrence graph tensor partitioning.
Input : Tensor: T ; Number of partitions: N
Output: Partitions: P0, P1, ..., PN−1

1 Function Update(P )
2 best move← null,max gain← 0;
3 Vboundary ← {v ∈ V | ∃u ∈

Neighbors(v),membership[u] ̸= membership[v]};
4 for i← 0 to N − 1 do
5 V boundary

i ← Vboundary ∩ Pi;
6 for v ∈ V boundary

i and |Pi| > 1 do
7 // Find candidate target partitions

(neighbors of v)
8 Cv ← {membership[u] | u ∈

Neighbors(v),membership[u] ̸= i};
9 for j ∈ Cv do

10 // Compute incremental gain
11 gain← ∆F(v, i→ j);
12 if gain > max gain then
13 max gain← gain; best move← (v, i, j);
14 end
15 end
16 end
17 // Apply best move if improvement found
18 if best move ̸= null then
19 (v∗, i∗, j∗)← best move; Pi∗ ← Pi∗ \ {v∗};

Pj∗ ← Pj∗ ∪ {v∗};
20 return P ;
21 // Step 1: Construct Co-occurrence Graph
22 V ← Indices(NNZ(T )), w(u, v)← T [...;u; ...; v; ...];

G = (V,E,w)← (V,w) // Step 2: Initialize
Partitions

23 D(v) =
∑

u w(u, v); Initialize(P ); // Step 3: Optimize
Partition Assignment

24 F(P ) = α
∑N−1

i=0

∑
e∈Pi

w(e)− λcut
∑

e∈cutw(e)−
λb

∑N−1
i=0

(∑
v∈Pi

(D(v)− W
N )2

)
;

25 F ← F(P ),∆F ← F(P );
26 while ∆F > ϵ do
27 Update(P ); ∆F ← F(P )− F ; F ← F(P );
28 end
29 return optimized partitions {P0, . . . , PN−1};

different tiles, where tensor elements or partial results need
to be exchanged across partitions. Such connectivity can lead
to either irregular DRAM access or communication between
computing nodes. To discourage inter-tile connectivity, we im-
pose a cut penalty on cross-partition edges ecross, proportional
to their associated weights.

Workload Balancing. To avoid uneven partition sizes, we
introduce a quadratic load-imbalance penalty. The workload
of each vertex is estimated by its weighted degree D(v) =∑

u W (u, v), which reflects its computational cost. Accord-
ingly, the total workload of partition Pi is approximated by∑

v∈Pi
D(v), and deviations across partitions are penalized.

Given this, the objective function of our proposed graph
partitioning algorithm is formulated as follows:

max{α
N∑
i

∑
e∈Pi

W (e)− λcut

∑
∀ecross /∈T

W (e)

− λb⌊

√√√√√ N∑
i

 ∑
v∈Pi

(D(v)−
W

N
)2

⌋}
(6)

where Pi denotes the i-th partition, ecross /∈ T is the edge
cuts across tiles. The parameters α, λcut, and λb control the
trade-offs between the three objectives. We select α = 2.0,
λcut = 1.0, and λb = 1.0 based on structural properties of
co-occurrence graphs and memory-intensive characteristics of
tensor contraction workloads. Specifically, α = 2.0 reflects
that high-degree vertices provide quadratic reuse opportunities

L0 L1 L2

K0
K1
K2

J0

I0I2
K0

1. Push Stage

K0 K1 K2

I0J0
I1J0
I2J0

K0 K1 K2

I0J0
I1J0
I2J0

J0

I2

K1

2. Pull Stage

L0 L1 L2

K0
K1
K2

L0 L1 L2

I0J0
I1J0
I2J0

L0 L1 L2

I0J0
I1J0
I2J0

K0 K1 K2

I0J0
I1J0
I2J0J0

I1

K2

3. Push Stage

L0 L1 L2

K0
K1
K2

L0 L1 L2

I0J0
I1J0
I2J0

K0 K1 K2

I1J0
I1J1
I1J2

L0 L1 L2

K0
K1
K2

L0 L1 L2

I1J0
I1J1
I1J2

J1J2

I1

K2

4. Inter mode
Push Stage

CI,J,L=AI,J,K×BK,L

I

K
J

I

L
J

K

L

Weight=1 Weight=2 Weight=3

In
tra

-m
od

e 
da

ta
flo

w
In

te
r-m

od
e 

da
ta

flo
w

K0 K1 K2

I0J0
I1J0
I2J0

K0 K1 K2

I0J1
I1J1
I2J1

K0 K1 K2

I0J2
I1J2
I2J2

NNZ of 
tensor A

Stage 1

Stage 2
Stage 3

Stage 4

Dataflow Sequence

Source

Target

Target

Target

Source

Source
Source

Target

Target

Fig. 7. Proposed co-occurrence graph-based dataflow for multidimensional
tensor reuse.
(O(k2) pairwise interactions) while incurring linear storage
cost (O(k)), establishing a 2 : 1 benefit-to-cost ratio that pri-
oritizes data reuse. The unit penalties λcut = 1.0 and λb = 1.0
match unit communication cost (already normalized by data
volume) and the typical coefficient of variation in workload
distributions for power-law graphs [67]. Section VII-G pro-
vides empirical validation of these parameter choices across
diverse tensor structures. The detailed process is depicted in
Algorithm 1, Lines 21-29.

To initialize partitions, we apply a breadth-first search (BFS)
to cluster high-connectivity regions within the co-occurrence
graph. The BFS runs in parallel from multiple seed vertices,
maximizing the first term of the objective function. As shown
in Figure 6, a score of F(P ) = 5 is calculated for initial
partitions. Following initialization, CoGTP performs an iter-
ative local refinement procedure (Algorithm 1, Lines 1–20)
inspired by the Kernighan–Lin algorithm [68]. A greedy hill-
climbing strategy is employed to escape local optima and
progressively improve the objective. To constrain the search
space, the refinement considers only single-vertex migrations
between partition pairs whose vertices are located on current
partition boundaries that contribute to edge cuts. In each
iteration, a candidate vertex v is tentatively moved to every
other partition Pj (i ̸= j), and the corresponding objective
change ∆F is evaluated. For example, the attempted relocation
of K1 is discarded due to its negative impact on the score,
whereas moving K0 is retained because it provides a positive
gain as shown in the Figure 6. The iteration terminates once
∆F falls below a threshold ϵ. The per-iteration complexity is
O(

√
|V | d̄), where d̄ denotes the average unweighted vertex

degree. Since most tensor workloads are highly sparse, d̄
typically ranges from 1 to 10, enabling efficient convergence.
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engine, and weight computation unit.

V. CO-OCCURRENCE DATAFLOW FOR
MULTI-DIMENSIONAL TENSOR REUSE

Traditional dataflows rely on dimension-based tiling to ex-
ploit data locality. For example, SpMM execution is typically
optimized in Push (i.e., outer-product) or Pull (i.e., inner- or
row-wise) modes. The Push model favors dense input row
reuse, whereas the Pull model improves reuse within the output
tensor. Such benefits are typically limited to a two-dimensional
tensor space. In contrast, our proposed CoGTP algorithm
performs sparse contraction partitioning without adhering to
the original tensor dimension order. Instead, CoGTP groups
a heterogeneous set of nonzero elements across multiple
dimensions to maximize data locality. To fully capture reuse
opportunities in high-order tensors, we introduce a new co-
occurrence graph-based dataflow that integrates both intra-
mode and inter-mode data reuse.

The key idea of our dataflow is to perform computation
based on the traversal order of the co-occurrence graph and
dynamically employ pull or push operations to fully utilize the
data. Specifically, in the proposed dataflow, any contraction-
mode vertex in the co-occurrence graph, such as vertex K0,
pushes its feature to the corresponding target vertex sets, such
as (I2, J0) and (I0, J0), as illustrated in Figure 7. Please note
that two vertices are needed to locate data in dense tensors.
This operation indicates that row B[K0, :] will be multiplied
with all nonzero elements in the sparse tensor slice A[J0, :
,K0], during which B[K0, :] is temporally reused. The partial
products, i.e., rows of C[J0, :, :], are stored in the buffer.

After completing column-wise traversal along tensor dimen-
sions I and K, the dataflow transitions to a PULL operation.
In this phase, the target vertices (I2, J0) pull features from the
remaining source vertex K1, which is equivalent to a row-wise
dataflow. This process repeats until all nonzero elements along
dimensions I and K have been traversed, which we refer to
as the intra-mode dataflow. In this example, source vertex K2

pushes its feature to the corresponding target vertex sets.
Similarly, when a contraction-mode vertex such as K2

pushes its feature to target vertices in a different dimension
(e.g., J1 and J2), the dense tensor row B[K2, :] is reused
across multiple tensor modes, including J1, J2, and J3. This
step enables data reuse across different tensor modes.

VI. PROPOSED TENSORPRISM ACCELERATOR DESIGN

Building on the co-occurrence graph abstraction and
dataflow, we propose a specialized accelerator architecture
for sparse tensor contraction. The architecture includes a
new processing element (PE) microarchitecture capable of
executing co-occurrence graph-based contraction operations,
enabling both input and intermediate tensor reuse. In addition,
we introduce a dedicated compute engine for the proposed
partitioning algorithm and a contraction engine tailored for
sparse tensor workloads.

Figure 8 illustrates the overall architecture of our proposed
accelerator, TensorPrism. The design consists of four major
components: a multi-bank global buffer (GLB), a task con-
troller, a co-occurrence graph scheduler, and an array of pro-
cessing elements (PEs). The accelerator connects to off-chip
DRAM through a DRAM controller, while PE array exchanges
data with GLB via a crossbar interconnect. GLB stores input
data (e.g., sparse tensors), outputs (e.g., partial sums and final
results), graph metadata (e.g., the constructed co-occurrence
graph), and dense-buffer data (e.g., dense tensors). A cen-
tralized control unit orchestrates system-wide operations and
interacts with the host through a request dispatcher. Dispatcher
compiles incoming requests into instructions and forwards
them to the instruction buffers. Instruction dispatcher then
tracks in-flight instructions, manages completion, generates
buffer addresses, and distributes instructions to both the co-
occurrence graph scheduler and PE array.

A. PE Microarchitecture

As shown in Figure 8, TensorPrism consists of 16 pro-
cessing elements (PEs) connected via a mesh interconnect,
making it scalable for larger PE arrays. Each PE implements
a sparse tensor contraction pipeline composed of eight sets
of fetch units, contraction engines, intermediate-result (IR)
buffers, and commit units. A Co-occurrence Graph Sched-
uler dispatches partitioned workloads, including metadata, co-
occurrence graphs, and dense-tensor operands, from global
buffers (GLBs) to the PE array, where all PEs perform sparse
tensor contraction in parallel.

Fetch Unit. Since each PE receives its assigned workload
partition and instructions that specify which graph entries
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and dense tensor rows to access. Each fetch unit sequentially
retrieves the corresponding co-occurrence graph and tensor
metadata from GLB. Specifically, each fetch unit integrates
a fetch sequencer that converts partition indices into explicit
address streams for the memory banks. To avoid redundant
GLB accesses, dense tensors are partitioned across fetch units,
with each unit owning a disjoint slice to retrieve and cache.
When a fetch unit needs a dense tile owned by another, it
issues a request to the owning fetch unit, which forwards the
requested data to the appropriate contraction engine. The fetch
units are connected via a ring to reduce the network diameter,
which leads to lower request latency.

Contraction Engine performs scalar–vector multiplication
followed by vector accumulation, as illustrated in the right part
of Figure 8. It consists of a feed unit, register files, operator
controllers, and a set of multiplier–accumulator (MAC) units,
all orchestrated by an operation controller. Each MAC unit
integrates eight MACs (i.e., 64 MACs per engine), which
consume two input vectors—one streamed from the feed unit
and the other sourced from the register files, each containing
32 FP32 elements. The eight MACs share the sparse input
supplied by the feed unit (i.e., broadcast for reuse) while
receiving distinct dense inputs from the register files. Under
the control of the operation controller, the feed unit further
enhances temporal reuse by issuing the same data to the
eight MACs over consecutive cycles. To support such tem-
poral reuse, multiple accumulators are employed to maintain
different partial sums. The register files, built from single-
port SRAMs, augmented with a small cache, provide local
storage to maximize input reuse during MAC operations. As
for the load balancing, at the algorithmic level, the CoGTP
objective function (Equation 6) incorporates a tunable imbal-
ance penalty λb that penalizes unequal workload distribution
across PEs during the graph partitioning phase. This is a
static, ahead-of-time balancing mechanism. Additionally, the
Operation Controller redistributes local Buffer entries to
underutilized MAC units through the DMUX control signal.
As such, it improves workload balancing at runtime during the
computation.

Commit Unit. Coupled with the Multidimensional Ad-
dress Generator (MAG), the Commit Unit is responsible for
assigning sequentially produced results to their correspond-
ing memory locations, mapping tensor indices to physical
addresses for storage.

B. Co-occurrence Graph Scheduler

Co-occurrence graph (COG) scheduler implements the
proposed partitioning algorithm and dataflow to improve data
reuse and parallelism, as demonstrated in Figure 8. It con-
sists of a weight computation unit, a graph generator, a
cost analyzer with a PE partition index buffer. The Weight
Computation Unit processes sparse tensor metadata to extract
index co-occurrence patterns and maintain running counts of
how frequently different index pairs appear together in non-
zero elements. Extracted index pairs by Coordinate Parser
and Dimension Pair Selector are buffered in the Index Pair

Buffer, a FIFO structure with configurable depth (e.g., 256
entries). Each buffer entry contains the index pair (i, j), ∀i, j
along with metadata pointing back to the original element. The
Hash-based Engine ensures the non-repeated vertex pairs.
Moreover, the Graph Generator constructs co-occurrence
graphs from sparse tensor metadata, guiding the further par-
titioning and execution. The Adder aggregates cost metrics
from all analyzers to compute an overall scheduling quality
score. The Partition Indices Buffer stores the final mapping
of operations to specific PEs.

VII. EVALUATION

A. Evaluation Setup

Simulation Framework. We develop a cycle-accurate sim-
ulator for TensorPrism following established methodologies
from prior accelerator research [18], [49], [69]. The simulator
integrates with Ramulator [70] to model HBM2 memory with
307.2 GB/s bandwidth and captures cycle-level behavior of all
compute, memory, and control components. The TensorPrism
accelerator is configured with 16 PEs organized in a 4×4
mesh topology, each containing a contraction engine with 512
FP32 MACs (8K MACs total), operating at 650 MHz. GLB is
provisioned with 2.5 MB capacity, partitioned into 1 MB for
metadata storage, 1 MB for dense tensor operands, and 512
KB for co-occurrence graph metadata and intermediate buffers.
Each PE maintains 48 KB of local storage for register files and
accumulators. For ASIC evaluation, we synthesize the design
in Verilog RTL using TSMC 28nm technology with Synopsys
Design Compiler. Power analysis is performed using Synopsys
PrimeTime PX, with switching activity extracted from post-
synthesis waveform traces. On-chip SRAM energy and area
are modeled using CACTI 7.0 [71].

Datasets. We evaluate TensorPrism across eight real-world
tensor datasets from the FROSTT repository [72], [73] span-
ning diverse scientific and machine learning domains, as
detailed in Table III. Our benchmark suite includes: temporal-
spatial tensor from ride-sharing services (Uber), scientific pub-
lication topic modeling (Nips), large-scale knowledge graphs
(Nell-1, Nell-2), social media interaction networks (Flickr),
network traffic analysis (LBNL-Networks), urban analytics
(Chicago-Crime), and e-commerce recommendation systems
(Amazon-Reviews). These datasets exhibit order ranging from
3D to 5D tensors, with densities spanning 14 orders of
magnitude (10−14 to 10−2), and nonzero counts from mil-
lions to billions, providing comprehensive coverage of tensor
contraction workloads encountered in practice.

Baseline Accelerators. We compare TensorPrism against
four state-of-the-art tensor acceleration frameworks: (1)
SPADE [1], which employs tile-based scheduling with barrier
synchronization for SpMM and extends to tensor operations
via matricization; (2) HotTiles [2], which partitions tensors
into dense and sparse regions processed by heterogeneous
compute units; (3) GSpTC [3], a GPU-based framework using
contraction-mode chunking strategies; and (4) TCP [4], which
performs dynamic tensor partitioning with communication-
aware tile sizing. Furthermore, we compare TensorPrism with
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Fig. 9. Normalized speedup comparison of TensorPrism over SPADE, HotTiles, GSpTC and TCP across different datasets.
TABLE III

DIMENSIONS AND DENSITY OF DIFFERENT TENSOR INPUTS.
Dataset Acr. Dimensions NNZs Density

Uber uber 183× 24× 1, 140× 1, 717 3,309,490 3.8×10−4

Nips nips 2, 482× 2, 862× 14, 036× 17 3,101,609 1.8×10−6

Nell-1 nel1 2, 902, 330× 2, 143, 368× 25, 495, 389 143,599,552 9.1×10−13

Nell-2 nel2 12, 092× 9, 184× 28, 818 76,879,419 2.4×10−5

Flickr flkr 319, 686× 28, 153, 045× 1, 607, 191× 731 112,890,310 1.1×10−14

LBNL-Network lbnl 1, 605× 4, 198× 1, 631× 4, 209× 868, 131 1,698,825 4.2×10−14

Chicago-Crime chcr 6, 186× 24× 77× 32 5,330,673 1.4×10−2

Amazon-Reviews amre 4, 821, 207× 1, 774, 269× 1, 805, 187 1,741,809,018 1.1×10−10

a hypergraph partitioning algorithm [27], HyperSB, for per-
formance analysis. To ensure fair comparison, all baseline
designs are scaled to match TensorPrism’s computational
resources. We implement each baseline’s core algorithmic
contributions—SPADE’s barrier-based tiling, HotTiles’ het-
erogeneous scheduling, GSpTC’s chunking strategy, TCP’s
dynamic partitioning, and HyperSB’s KaHyPar partitioning to
cluster the non-zeros—while normalizing hardware parame-
ters. For accelerators originally designed for SpMM (SPADE,
HotTiles), we extend them to tensor contraction following the
matricization approach described in their respective papers.
Performance measurements include end-to-end execution time
encompassing tensor loading, co-occurrence graph construc-
tion, kernel execution, and result writeback to host memory.

B. Performance Analysis

Figure 9 presents normalized speedup comparisons across
feature lengths (k ∈ {64, 128}) and contraction orders
(f = |{f}| ∈ {1, 2}). TensorPrism achieves geometric mean
speedups of 2.22×, 2.40×, 1.71×, 1.76×, and 1.49× over
SPADE, HotTiles, GSpTC, TCP, and HyperSB, respectively.

Unfolding Approaches with SpMM Kernels. SPADE
and HotTiles exhibit the largest performance gaps (2.22×
and 2.40× slower) because matricization destroys cross-mode
locality by flattening multi-dimensional tensors into 2D ma-
trices. This index merging obscures coordinate relationships
and forces redundant memory fetches due to compromised
data locality. On uber with k = 64, f = 2, SPADE incurs
2.09× excess execution time, with 91% of overhead from
repeated fetches of dense-tensor rows that TensorPrism loads
once through co-occurrence graph representation. HotTiles’
heterogeneity-aware partitioning operates post-unfolding on
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Fig. 10. The energy efficiency breakdown across different datasets.
2D tiles, missing cross-mode reuse patterns that TensorPrism
captures natively.

Tensor-Native Baselines. GSpTC narrows the gap to 1.57×
through tensor-native partitioning, yet suffers from sequen-
tial partition matching that discovers dependencies reactively
during execution. We observe that only 14.2% is spent on
computation versus 67.4% on preprocessing and writeback.
The critical bottleneck is the reduction phase (i.e., accumu-
lating/synchronizing partial sums): adding multiple outputs
into output dense-rows with synchronization operations forces
thread serialization on shared memory addresses. On chcr
with k = 64, f = 2, reduction contention accounts for
73% of execution time. TensorPrism’s co-occurrence dataflow
eliminates this serialization by pushing input dense rows to
different output addresses, guaranteeing no write conflicts.
TCP’s circuit-switched fetch network relies on a fixed dataflow
pattern decided ahead of execution, which restricts how tensors
can be partitioned and prevents the system from adapting to
irregular shapes and having a balanced workload. For nel1,
who has very large dimension sizes, the mismatch between
input and hardware memory and computation resources forces
extra data rearrangement steps, and the predefined network
structure and dataflow of TCP are unable to relieve the
resulting overhead. On amre with k = 128, f = 2, power-
of-2 division requirements of partition force padding that
wastes 2.89× bandwidth compared to TensorPrism’s adaptive
partitioning, satisfying 94% of accesses from on-chip buffers.

Hypergraph Partitioning. TensorPrism achieves an aver-
age of 1.49× speedup over HyperSB, with gains stemming
from two primary factors. The key idea of HyperSB is to
cluster vertices to reduce the edge cuts between different

300



128 256 512 1024 2048
0

2

4

6

8

Th
ro

ug
hp

ut
 (G

B/
s)

uber

128 256 512 1024 2048
0

200

400

600

800
nel1

128 256 512 1024 2048
0

50

100

150

200

250

300

350
flkr

128 256 512 1024 2048
0

5

10

15

20
chcr

Feature Length (Bytes)
Spade HotTiles GSpTC TCP TensorPrism
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partitions while balancing the vertex count. However, work-
load balancing remains unsolved, as edge count represents
the nonzero elements and their associated computations. In
addition, data reuse is not directly considered in HyperSB’s
objective function. Despite this, HyperSB still outperforms
GSpTC and TCP thanks to the direct presentation of high-
dimensional order. This eliminates the inflated intermediate
data caused by tensor unfolding.

Dataset Characteristics. Performance gains vary by tensor
structure and size. For power-law tensors (uber, flkr), the graph
abstraction proposed by TensorPrism exhibits superior perfor-
mance compared with TCP and GSpTC due to more flexible
partition ways. Similarly, the hypergraph-based approach of
HyperSB also shows a better performance. Notably, when
f = 1, SPADE and HotTiles exhibit better performance than
TCP and GSpTC because the size of the last mode of nips is
very small (only 17). On nel1 with extreme degree variance,
TensorPrism achieves 2.95× speedup at 2KB features by
concentrating super-high-degree vertices within partitions. For
uniform tensors (lbnl), advantages narrow to 1.16× and 1.45×
as even sparsity reduces partitioning effectiveness, though Ten-
sorPrism maintains gains by eliminating unfolding overhead.

Scalability Study. As feature length increases from k = 64
to k = 128, advantages amplify for irregular tensors. On
nel1, speedup over SPADE increases from 2.50× to 4.74×.
TensorPrism’s contraction engines broadcast inputs to eight
parallel units with temporal reuse through the feed unit,
achieving up to 128× reuse per fetch. Matricization-based
approaches exhibit linear memory traffic growth with feature
dimensions. For larger contractions (f = 2), performance gaps
widen further, on amre with k = 128, f = 2, TensorPrism
achieves 4.11× speedup versus 2.38× for f = 1, as deeper
nesting exposes richer reuse patterns invisible to unfolding-
based methods treating contractions independently.

C. Energy Efficiency

Figure 10 presents the energy breakdown of Tensor-
Prism compared against SPADE [1], HotTiles [2], TCP [4]
and GSpTC [3] across eight datasets. Overall, TensorPrism
achieves 44.6%, 42.3%, 26.9%, and 15.7% reductions com-
pared to SPADE, HotTiles, TCP, and GSpTC. The major
difference among all designs is off-chip memory access.
SPADE and HotTiles unfold high-order tensors into a matrix,
as the unfolding could lead to compromised cross-mode data
reuse. Additionally, TCP’s partitioning and dataflow prioritize
reduced communication between partitions but have limited
applicability to capture cross-mode data reuse, where off-chip
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Fig. 12. Off-chip DRAM access normalized to TensorPrism.
memory access accounts for 79.1% of total energy. GSpTC im-
proves upon this through fine-grained chunk-based partitioning
to regularize the memory access via exploiting continuous data
access, thereby reducing off-chip energy to 67.0%. However,
regularizing memory access still cannot capture cross-mode
data reuse inherent in high-order tensors. TensorPrism’s co-
occurrence graph abstraction exposes a critical architectural
insight: By formulating partitioning as a graph optimization
problem (Equation 6), CoGTP can uncover inter-mode data
reuse which, along with our proposed architecture design,
can significantly reduce DRAM accesses. This benefit holds
across datasets: on nel1 with irregular sparsity, TensorPrism
reduces off-chip energy from 91.0% (TCP) to 65.6%, whereas
on the denser chcr dataset, the reduction is from 88.9% to
67.9%. The quadratic reuse growth when concentrating high-
degree vertices within partitions explains why TensorPrism
achieves 47.4% off-chip energy on average compared to
TCP’s 79.1%—a 1.68× improvement that directly translates
to superior performance per watt for memory-intensive tensor
workloads.

D. Throughput Analysis

Figure 11 presents throughput measurements across feature
dimensions from 128 to 2048 bytes on four representative
datasets. TensorPrism achieves 2.07×, 1.71×, and 1.55×
average throughput improvements over GSpTC, TCP, and
SPADE/HotTiles, with increased gains on irregular tensors
(nel1: 2.95× speedup at 2KB features). The performance gap
shows two architectural bottlenecks in prior work. GSpTC
suffers from synchronization conflicts when multiple PEs
write back partial sums, leading to contention. TCP’s circuit-
switched fetch network relies on a fixed communication
pattern decided by the compiler, which prevents the sys-
tem from adapting to irregular input datasets. On the other
hand, TensorPrism eliminates both limitations through co-
occurrence dataflow. The co-occurrence graph (Equation 3)
quantifies reuse potential before execution, enabling CoGTP’s
objective function (Equation 6) to concentrate high-degree
vertices where reuse growth occurs. Further, our proposed co-
occurrence dataflow, where complete subgraphs (i.e., cliques)
represent operations, exposes natural parallelism without out-
put write conflicts, eliminating synchronization conflicts. The
packet-switched fetch network of TensorPrism dynamically
routes data according to discovered connectivity rather than
pre-fixed topology, adapting to irregular sparsity. This demon-
strates that throughput fundamentally depends on reuse or-
chestration discovered through graph analysis rather than
bandwidth provisioning or thread-level parallelism alone.
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Fig. 13. Data reuse comparison of TensorPrism vs. prior works.

E. DRAM Access Evaluation

Figure 12 presents off-chip DRAM access normalized to
TensorPrism across eight datasets, revealing that prior frame-
works incur 2.18×, 2.11×, 1.27×, and 1.53× higher memory
traffic for SPADE, HotTiles, GSpTC, and TCP, respectively.
The DRAM access directly exposes each architecture’s ability
to exploit multi-mode input reuse inherent in sparse tensor
structure. Notably, the shaded region indicates the theoretical
minimum DRAM access for each dataset, which corresponds
to 0.11×. For nips with a small contraction-mode size, we
approach 0.32× of the theoretical minimum. This improve-
ment stems from the ability to retain more input-dense rows
on-chip, thereby reducing redundant DRAM fetches.

SPADE and HotTiles exhibit the highest DRAM traffic
(2.1×) because matricization destroys cross-mode locality. For
example, unfolding a tensor into a matrix merges two dimen-
sions into a single axis, destroying their original coupling and
forcing partition boundaries that ignore how these dimensions
were related (reuse distance increases after unfolding), thereby
requiring redundant memory loads. GSpTC reduces DRAM
access to 1.27× through chunk-based partitioning, yet their se-
quential partition blocks via linear access cannot predict which
partition boundaries minimize cross-partition dependencies,
where partitions are formed reactively by input sparse tensors
without analyzing the dense tensor’s reuse potential across free
modes. TCP achieves 1.53× traffic through compiler-explored
tactics (i.e., predefined partitions and dataflow) and asyn-
chronous communication-compute overlap, but the circuit-
switched fetch network’s fixed datapath determined at compile
time cannot adapt when there are irregular inputs. Tensor-
Prism’s DRAM reduction is a result of CoGTP partition op-
timization. TensorPrism’s co-occurrence graph analyzes how
tensor indices intersect across all dimensions simultaneously
before partitioning begins, enabling predictive placement of
frequently co-occurring indices within the same partition to
minimize cross-partition communication while maximizing
on-chip data reuse. This reveals that DRAM efficiency re-
quires predictive analysis that unifies all tensor dimensions
during partitioning, not reactive matching or fixed tactics that
optimize each dimension independently.

F. Data Reuse Analysis

We compute on-chip data reuse efficiency as the percentage
of actual reuse achieved relative to the theoretical maximum,
where the theoretical maximum is defined as the total number
of times each input and output tensor entry could be reused
before eviction under an unlimited on-chip buffer. As shown in
Figure 13, TensorPrism achieves an average reuse efficiency
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Fig. 14. Sensitivity study on the parameter choices in the Flickr dataset.
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Fig. 15. Normalized speedup of TensorPrism over SPADE in LLM-related
datasets across various densities.
of 67.86% across all four tensors. It improves reuse efficiency
over prior work on average, outperforming SPADE, HotTiles,
GSpTC, TCP, and HyperSB by 56.5%, 57.4%, 33.8%, 42.6%,
and 23.7%, respectively. This stems from the intra-tile data
reuse mechanism proposed by TensorPrism, which both ex-
ploit temporal locality in input fibers and output accumulators.
On the other hand, nel1 exhibits extreme irregularity, introduc-
ing minimal reuse efficiency.

G. Sensitivity Study

CoGTP Parameter Setup Influence Analysis. Figure 14
presents a sensitivity analysis of CoGTP’s objective function
parameters across two parameter spaces: (a) Intra-tile data
reuse coefficient (α) versus inter-tile communication penalty
(λcut), and (b) reuse coefficient versus imbalance penalty (λb).
The 3D surfaces reveal how parameter choices impact parti-
tioning quality, measured by normalized speedup on the Flickr
dataset. We normalized speedup over the slowest parameter
setup, respectively. To be noted, the static parameter(λb in (a)
and λcut in (b)) is all set to 1.0. The results expose three
critical insights into CoGTP’s design space.

First, when α ≤ 3, the performance remains relatively
stable, exhibiting only smooth variations. However, the per-
formance collapses transparently when α > 3, indicating
saturation where most high-degree vertices are already op-
timally placed. Moreover, an excessively large reuse-benefit
coefficient can conflict with workload balancing, which further
contributes to the performance decline.

Second, penalty terms provide coupled refinement. As
shown in Figure 14(a), within each α level, performance grad-
ually decreases as λcut increases, with a noticeably sharper
decline beyond 1.5. This demonstrates that a larger inter-
tile communication penalty could not guarantee performance
improvement, proving that the TCP method may not be a
wise choice all the time. Similarly, the imbalance penalty
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(a) (b)
Fig. 16. Practical overhead analysis: (a) Preprocessing overhead of Ten-
sorPrism and baselines in the nel1 dataset. (b) Graph storage overhead of
hypergraph (HyperG) and co-occurrence graph (CoG).

λb ensures vertices distribute evenly across PEs, preventing
pathological cases where high-degree vertex concentration in
a few partitions starves other PEs. Figure 14(b) indicates that
with the increase of λb, the performance improves, reaching
the peak at 1.0-1.5, but beyond this limit, the performance
improvement is weakened. This illustrates the importance of
workload balancing in tensor contractions. Moreover, due to
the inherent power-law distribution of the Flickr dataset, it
highlights the effect of workload balancing.

Third, the selected configuration (α = 2, λcut = 1, λb = 1)
represents a conservative sweet spot. It achieves 93.8% of peak
performance while avoiding aggressive reuse-only strategies
(α ≥ 4) that overfit to specific tensor structures. It also steers
clear of overly vigorous workload-balancing schemes that
benefit only certain datasets, such as power-law datasets. This
choice prioritizes robustness across diverse sparsity patterns in
the benchmark suite over maximum performance on individual
datasets, consistent with the observation that memory-intensive
tensor workloads benefit more from moderate reuse improve-
ments applied consistently than from extreme optimization
that may fail on irregular tensors. The surface topology in
Figure 14 confirms that CoGTP’s three-term objective function
requires joint optimization, where no single parameter domi-
nates across all regimes, validating the coupled formulation in
Equation 6.

Performance Evaluation in Mildly Sparse Datasets. Fur-
ther, to assess TensorPrism at midly sparsity (Density ≥ 1%),
we include two sparse tensors from intermediate attention
maps of LLaMA models [74]. Each tensor has a batch size
of 2, 32 attention heads, a sequence length of 512, and a per-
head dimension of 128 for LLaMA-8B or 80 for LLaMA-2.7B,
consistent with the official architecture specifications. Tensors
are sparsified to three density levels (1%, 10%, and 20%
nnzs) via magnitude-based pruning, following the methodol-
ogy adopted in state-of-the-art LLM compression work such
as SparseGPT [75]. As shown in Figure 15, TensorPrism
achieves up to 2.41× speedup over SPADE, demonstrating
its effectiveness in mildly sparse regimes.

H. Overhead Analysis

Preprocessing Overhead. As shown in Figure 16(a), Ten-
sorPrism increases modest preprocessing overhead compared
with SPADE, HotTiles, and GSpTC by 8.0%, 6.7%, and 4.2%.
TCP exhibits the highest preprocessing overhead (25.4%)
among all baselines, because, before execution, it explores a
large number of possible implementation choices (e.g., tile
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Fig. 17. Area breakdown of TensorPrism Accelerator.

sizes and operation kernels). The low cost of TensorPrism
highlights the practicality of incorporating the co-occurrence
graph into tensor contraction.

Graph Storage Overhead. To eliminate the impact of
on-chip memory size limitations, we evaluate the memory
footprint of the input metadata, as illustrated in Figure 16(b).
CoG incurs a modest overhead compared with hypergraph
representation, with increases of 3.0% on average. Importantly,
our primary optimization target is the dense tensor input rather
than sparse metadata. Therefore, this slight increase in sparse
tensor memory consumption does not constitute a bottleneck
and has a negligible impact on overall system efficiency.

I. Area Breakdown

Figure 17 presents the area breakdown of TensorPrism’s
accelerator. At the accelerator level, the GLB consumes 50%
of the total area, and the PE Array takes 46.6% of the total
accelerator area. Within each PE, the Contraction Engine dom-
inates at 86.2%, which includes 77.4% of the area allocated to
local buffers and registers and 15.1% of the area for MACs.
These ratios reflect the design choice to provision substantial
local storage per PE, enabling the graph-based dataflow to
exploit temporal reuse without frequent GLB accesses. The co-
occurrence graph scheduler only incurs 1.9% overhead of total
area, in which the cost analyzer takes 62.9% of the scheduler
area for partition metadata management.

VIII. CONCLUSION

In this paper, we posit that matricization dismantles high-
dimensional data reuse, erasing correlations among nonzero
elements across multiple tensor modes. We propose Ten-
sorPrism, a novel acceleration framework for sparse high-
order tensor computation based on a co-occurrence graph
abstraction. The central idea is to transform a high-order tensor
into a co-occurrence graph that captures nonzero correlations
across all tensor dimensions. Building on this abstraction,
TensorPrism introduces three key designs. First, we formulate
a co-occurrence graph representation that redefines dataflow
and tiling to improve data reuse. Second, we introduce a
new dataflow that enhances reuse opportunities across tensor
modes. Finally, we provide an efficient accelerator design tai-
lored to graph-based computation. Our evaluation shows that
TensorPrism delivers performance speedups of 2.22×, 2.40×,
1.71×, and 1.76× over state-of-the-art designs SPADE [1],
HotTiles [2], GSpTC [3], and TCP [4], respectively.
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