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Abstract

Recently, sparse tensor algebra (SpTA) plays an increasingly
important role in machine learning. However, due to the un-
structured sparsity of SpTA, the general-purpose processors
(e.g., GPU and CPU) are inefficient because of the underuti-
lized hardware resources. Sparse kernel accelerators are opti-
mized for specific tasks. However, their dedicated processing
units and data paths cannot effectively support other SpTA
tasks with different dataflow and various sparsity, resulting
in performance degradation. This paper proposes FEASTA, a
Flexible and Efficient Accelerator for Sparse Tensor Algebra.
To process general SpTA tasks with various sparsity effi-
ciently, we design FEASTA meticulously from three levels.
At the dataflow abstraction level, we apply the Einstein Sum-
mation on the sparse fiber tree data structure to model the

“They are both corresponding authors.
T They made contributions to this paper while at Tsinghua University.

This work is licensed under a Creative Commons Attribution International

4.0 License.

ASPLOS 24, April 27-May 1, 2024, La Jolla, CA, USA
© 2024 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-0386-7/24/04
https://doi.org/10.1145/3620666.3651336

349

unified execution flow of general SpTA as joining and merg-
ing the fiber tree. At the instruction set architecture (ISA)
level, a general SpTA ISA is proposed based on the execution
flow. It includes different types of instructions for dense and
sparse data, achieving flexibility and efficiency at the instruc-
tion level. At the architecture level, an instruction-driven ar-
chitecture consisting of configurable and high-performance
function units is designed, supporting the flexible and ef-
ficient ISA. Evaluations show that FEASTA has 5.40X ge-
omean energy efficiency improvements compared to GPU
among various workloads. FEASTA delivers 1.47x and 3.19%
higher performance on sparse matrix multiplication kernels
compared to state-of-the-art sparse matrix accelerator and
CPU extension. Across diverse kernels, FEASTA achieves
1.69-12.70% energy efficiency over existing architectures.

CCS Concepts: - Hardware — Application specific in-
struction set processors; Hardware accelerators; « Com-
puter systems organization — Special purpose systems.

Keywords: Sparse Computation, Tensor Algebra, Instruction
Set Architecture, Hardware Accelerator
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1 Introduction

Recently, sparse tensor algebra (SpTA) has become increas-
ingly important in the field of machine learning due to its
potential for reducing the workload and processing naturally
sparse data in various applications [10]. On the one hand,
sparse pruning algorithms [16, 21, 51] are widely used in
model compression, where they can significantly reduce the
workload by setting part of parameters to zero. Similar meth-
ods have also been used to prune attention maps or feature
maps, thus speeding up transformer models by reducing a
large amount of computation [3, 13, 32, 43]. On the other
hand, as the application field of deep learning is gradually
expanding, sparse tensor data and sparse computations be-
come natural requirements in some emerging applications.
For example, the sparse point cloud data is commonly used
in autonomous driving [6, 30] and processed by sparse con-
volution neural networks [8, 54]. The sparse graph data is
widely used in fields like e-commerce [57], circuit design [55],
and biochemistry [52], where graph neural networks (GNNs)
achieve better accuracy than traditional algorithms [67].
Towards the wide range of application scenarios, the gen-
eral SpTA tasks demonstrate diversity in terms of computa-
tional dataflow, sparsity, and data distribution. The dataflow
of SpTA tasks is different in various operators, such as sparse
convolution (SpConv), dense matrix multiplication (MM),
sparse matrix-matrix multiplication (SpMM), sparse matrix-
sparse matrix multiplication (SpMSpM), sampled dense and
dense matrix multiplication (SDDMM) [4, 23], etc. Based
on the specific application and input data, the density of
general SpTA tasks varies from 0.01% [28] to 90% [62]. Both
dense and compressed data formats are used to represent
and process data with different levels of sparsity. In addition,
the sparse data may exhibit an unbalanced distribution of
non-zero values, which causes an unbalanced workload and
brings new challenges to hardware performance [68].
General-purpose processors like CPU and GPU [5, 9] are
usually inefficient when processing sparse tensors. At the
hardware level, the tensor core and vector processing units
aim at dense data. When dealing with unstructured sparse
data, they waste computing resources because of processing
zero values. At the programming model level, the general
SIMT model focuses on computing regular data in parallel.
However, the non-zero values of sparse data are irregularly
distributed. The mismatch between the programming model
and data leads to redundant branching, synchronizing over-
heads, and low resource utilization [24]. To improve the
performance of SpTA on general-purpose processors, some
CPU ISA extensions [42, 53] of stream data are proposed.
However, their CPU-based architectures exhibit low stream

350

Zhong, et al.

OTC oOTensaurus BSpada ®SparseCore OFEASTA o9

1.0

ey

So.8

(S

£06 0.49

50'4 0.2
WA B TN s

0.02

Eoo WL [T _TINEL WS mUSEL] oo2miEEl]
=z MM SpMM SpMSpM-G SpMSpM-CNN  Geomean

Figure 1. The throughput of different accelerators process-
ing different SpTA kernels (normalized to the best).

parallelism, resulting in 2.4X performance degradation com-
pared to specialized accelerators [42]. Some other sparse CPU
architectures use many lightweight threads [1, 20]. However,
they have no dedicated instructions, registers, and function
units for sparse data, resulting in a large number of instruc-
tions for SpTA and prolonged processing time.

To address the performance issue of SpTA tasks on general-
purpose processors, researchers proposed sparse kernel ac-
celerators that support irregular dataflow through dedicated
data paths and computing units [31, 35, 40, 47-49, 63, 65].
However, they are optimized for specific sparse operators,
making them inflexible and inefficient for other operators
with various degrees of sparsity, as shown in Fig. 1. Take
the SpMSpM accelerator Spada as an example. It has a fixed
functional data path and has to process dense input with
sparse data format, resulting in large overhead and low per-
formance of SpMM and MM. Besides, existing general SpTA
accelerators [19] can only support one iteration order, mak-
ing its performance lower than other sparse kernel accelera-
tors [48, 49, 65]. Some abstract models for streaming archi-
tectures [23, 60] can describe various dataflow, but designing
a dedicated accelerator for each SpTA is also inflexible.

Motivated by the issues and challenges above, this paper
proposes FEASTA, a Flexible and Efficient Accelerator
for SpTA. FEASTA conducts optimizations from three as-
pects, i.e., data flow abstraction, ISA, and hardware architec-
ture, as illustrated in Fig. 2. At the dataflow abstraction
level, FEASTA applies the Einstein Summation (EinSum)
formula to the Sparse Fiber Tree (SFT) data structure for
describing general SpTA. The analysis shows that SpTA can
be abstracted to a unified execution flow of the joining and
merging of fiber trees. At the ISA level, a general SpTA ISA
is proposed based on the unified execution flow. Seven basic
types of instructions are defined to accomplish the execution
flow. Each ISA type includes several specific instructions
tailored for both dense and sparse data formats. Besides, in-
struction packing and multi-threading execution strategies
are proposed to enable SpTA computation in parallel. Thus,
both flexibility and efficiency are guaranteed at the instruc-
tion level. At the architecture level, an instruction-driven
and dataflow configurable architecture is designed to support
flexible and balanced computations.

The contributions of this paper are listed as follows:
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Figure 2. The challenges of existing SpTA work and our solutions of FEASTA.

o A unified execution flow abstraction for general SpTA
is proposed. Various sparse operators can be modeled
as iterative fiber tree join and merging.

A general SpTA ISA is proposed to achieve high flexi-
bility and computational efficiency at the instruction
level. We design instructions for both sparse and dense
data formats and enable different instruction paral-
lelization methods.

An instruction-driven architecture is proposed to sup-
port SpTA efficiently. The configurable multi-mode
computation units can support tensor calculation in
flexible ways. The dispatcher can also balance the
workload during runtime.

FEASTA can effectively support various sparse operators,
including SDDMM, that other sparse accelerators cannot
process efficiently. Extensive experimental results show that
FEASTA improves the sparse kernel throughput by 1.47x
than SOTA accelerators and achieves 5.66X geomean power
efficiency when running diverse SpTA workloads.

2 Preliminary
2.1 Sparse Tensor and Data Format

In this paper, we define concepts similar to TACO [26]. A
scalar is a number, while an N-D tensor is an N-dimensional
data array. Particularly, a 1-D tensor is a vector, and a 2-D
tensor is a matrix. Each element in the N-D tensor is located
by an integer N-tuple as coordinates. The coordinate of the i-
th dimension is i-crd. Concatenated subscript A; j; represents
the element with the coordinate of (i, j, k) in tensor A, and
the sizes of each dimension are I, J, K. Sparse tensors usually
contain a large number of zero elements. We refer to the
percentage of zero elements in a tensor as its sparsity. We
call a tensor with a sparsity of ~ 0% a dense tensor.

In SpTA, tensors can be stored in two types of formats, i.e.,
dense data format and compressed data format. In the dense
data format, all elements are stored sequentially, regardless
of zero or non-zero. As all elements are stored in sequence,
there is no need to store coordinates. If most elements in a
tensor are zero, storing only the non-zero elements would be
more space efficient, which is referred to as compressed data
format. Besides the non-zero values, the coordinates of non-
zeros also need to be encoded and stored. There are various
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common compressed data formats, including Compressed
Sparse Row (CSR), Coordinate Format (COO), BitVector, etc.
Fig. 3(b) and (c) show the examples of dense data format and
compressed data format of a 2-D sparse tensor in Fig. 3(a).

2.2 Sparse Fiber Tree Data Structure

To avoid getting bogged down in the details of formats and
to provide a unified description for sparse tensors, in this
paper, we use the Sparse Fiber Tree (SFT) [50, 60] data struc-
ture. And we will show that it is also useful for dense tensor
operating. The SFT (also called compressed sparse fibers)
is a hierarchical multidimensional sparse tensor represen-
tation. Specifically, it recursively expands the sparse tensor
along each dimension, dividing it into sub-tensors based on
coordinates. SFT can represent both dense data format and
compressed sparse data format, and the two examples are
shown in Fig. 3(c) and (d). The 2-D sparse tensor of Fig. 3(a)
contains two dimensions, i.e., i-dimension and j-dimension.
When expanding the tensor in the order from i-dimension to
Jj-dimension, the SFT consists of two levels of fibers, which
are denoted as i-fiber and j-fiber. Each fiber in SFT contains
two arrays: the coordinate (crd) array and the pointer (ptr)
array. For the last level of SFT, the ptr array is replaced by a
value (val) array. The crd array stores the coordinates of all
sub-tensors (i.e., child-fiber) in this dimension. For example,
the crd array of i-fiber in Fig. 3 contains the row coordinate
of each j-fiber, while the crd array of j-fiber represents the
column coordinate of each value. Fig. 3(d) and (e) give two
examples of SFT representing dense tensor and sparse tensor.

2.3 Sparse Kernels in Deep Learning

Sparse tensors exist widely in various real-world machine
learning applications. For brevity, we use two-dimensional
matrix algebra as an example, and the discussion can be
generalized to multidimensional tensors. For computer vi-
sion and natural language processing, the original input data
and weights are dense. The operations (e.g., convolutions)
on these dense data can be abstracted as the dense Matrix
Multiplication (MM) operator. Weight pruning [16] is a clas-
sic model compression method that obtains sparse weights.
The operations between pruned weights and dense features
can be abstracted as the Sparse Matrix-Matrix Multiplica-
tion (SpMM) operator. When the features are also sparse,
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Figure 3. (a) A 2-D sparse tensor and its (b) dense format, (c) CSR format. (d) (e) are SFTs for the dense format and CSR format.

the Sparse Matrix-Sparse Matrix Multiplication (SpMSpM)
operator is obtained. Pruning can also be applied to attention
maps of Transformer models, resulting in the SpMM operator
between attention maps and features [13, 43]. Considering
the sparse mask of the attention map is known before the
computation, it can be simplified to Sampled Dense-Dense
Matrix Multiplication (SDDMM) to avoid unnecessary calcu-
lations [33]. Emerging algorithms are proposed to process
the sparse input data. For example, the operation of aggregat-
ing features through edges in GNNs can be abstracted as the
SpMM [58] or SpMSpM [59]. In point cloud neural networks,
sparse 3D voxels are processed by sparse convolution [8].

In order to describe SpTA more concisely, we leverage the
EinSum notation [2], which describes how tensor elements
are indexed and multiplied and how results are summed over
dimensions. For example, the EinSum notation for matrix
multiplication is C;; = AjxBx;. For each output C;j, the re-
quired input elements (A;; and Bg;) for computing it are
indexed by coordinates and multiplied; then the result is
obtained through reduction over dimension k.

2.4 Limitations of Existing Work and Our Goals

Existing kernel accelerators have insufficient flexibility due
to their fixed functional units and data paths. On the one
hand, the number of supported operators is limited. Sex-
tans [47] is designed for SpMM; some other accelerators are
designed for SpMSpM, and they can not support multidi-
mensional tensors and SDDMM Kkernel. Tensaurus [49] can
support several sparse-dense SpTA operators like SpMM and
SpMTTKRP but cannot process SDDMM and SpMSpM in a
sparse way. SAM [23] proposes basic data stream blocks to
describe streaming dataflow accelerators for any SpTA, but
it will generate dedicated data paths and inflexible dataflow-
driven architectures for specific kernels.

Design Goal 1: Support different multidimensional tensors
and operators with unified hardware rather than designing
dedicated accelerators for each SpTA task.

On the other hand, existing sparse kernel accelerators also
suffer from efficiency degradation when processing different
sparsity tensors, as shown in Fig. 1. The tensor core (TC) ar-
chitecture is optimized for MM kernels [7], thus have to read
and calculate all elements including zeros when running
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SpMM and SpMSpM tasks, wasting computing resources.
The Tensaurus [49] optimized for SpMM kernels faces the
same problem when running SpMSpM tasks. For the archi-
tectures optimized for SpMSpM, e.g., Spada [31] as the SOTA,
dense matrices need to be encoded in compressed sparse for-
mat. As a result, the redundant coordinate storage, access,
and decoding cause severe performance degradation.
Design Goal 2: Perform tailored processing on different spar-
sity and sparse/dense formats, avoiding redundant overheads.

Towards flexible SpTA computation, multiple ISA and
compiler studies have been conducted. SparseCore [42] and
RZM [53] extend CPU ISA for stream operators. Though
the flexibility can be guaranteed by the generality of CPU,
the performance is limited by low parallelism of CPU and
complex data paths designed for general ISA. SAM [23]
can model and design dedicated streaming dataflow accel-
erators for different sparse kernels. But it lacks hardware-
level performance-oriented optimizations, e.g., paralleliza-
tion, workload balance, and memory hierarchy management.
Design Goal 3: Define a domain-specific ISA for general SpTA.
Enable instruction-driven flexible data path and memory man-
agement with efficient parallelization methods.

3 SpTA Dataflow and FEASTA ISA

For the flexibility required in Design Goal 1 and 2, we start
from the SFT abstract data structure and apply the EinSum
formula to it, getting a unified execution flow as traversal,
join, and merging of subtrees on the SFT. This allows SpTA
to be supported by some key sub-operators on fibers. We
design the ISA to operate fibers, aiming at Design Goal 3.

3.1 From EinSum to Execution Flow

Existing sparse kernel accelerators face limited versatility
problems due to their specialized design for specific sparse
kernels. To overcome it, we first represent all tensors with
a unified SFT data structure. Then, the execution flow of
general SpTA is modeled by applying the EinSum formula to
the SFT data structure. SFT is a level-wise data structure, and
each level has fibers of one tensor dimension. The EinSum
formula defines the computation rules of SpTA by expressing
the relationship of dimensions, i.e., the relationship of fibers
in SFT. We analyze EinSum from the following aspects:
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Table 1. FEASTA ISA. Each instruction has 32 bits: 4-bit OPCODE, 6-bit for each register, 3-bit TYPE, and 2-bit MOD.

Instruction Description

Operands (Fd, Ft, and Fs are the ids of FR, Cs and Ct are the ids of CR)

load Fd Fs Cs TYPE

load-i Fd Cs Ct TYPE

load-d Fd Fs Ct

load-di Fd Cs Ct

read Fs Cs TYPE

read-i Fd Cs Ct TYPE

inter Fd1 Fd2 Fs Ft TYPE
inter-d Fd1 Fd1 Fs Ct

dmr-e Fd Fs Ft TYPE DP MOD
dmr-p Fd Fs Ft TYPE DP FP MOD
acc Fd MOD TYPE FP

write Fd Fs Cs TYPE

store Fd Fs Cs TYPE

load fiber into FR

load fiber into FR according to CR

calculate D fiber and save in FR

calculate D fiber and save in FR according to CR
read fibers into cache

read fibers into cache and save its beg&len
intersection two fibers and save results into FRs
intersection of one fiber and a D fiber
calculation of element-wise fiber operations
calculation of fibers products

accumulate psums

write back fibers from cache into DRAM

store fiber from FR into DRAM

Fd:destination, Fs:beg&len, Cs:start address, TYPE=C/U/sv/dv
Fd:destination, Cs:start address, Ct:length, TYPE=C/U/sv/dv
Fd:destination, Fs:beg&len, Ct:child-fiber length

Fd:destination, Cs:length, Ct:child-fiber length

Fs:beg&len, Cs:start address, TYPE=C/U/sv/dv

Fd:destination beg&len, Cs:start address, Cs:length, TYPE=C/U/sv/dv
Fd1:result1, Fd2:result2, Fs:fiber1, Ft:fiber2, TYPE=CC/CU/Csv/Cdv/Usv
Fd1:resultl, Fd2:result2, Fs:fiber1, Ct: child-fiber length

Fd:result fiber, Fs:fiber1, Ft:fiber2, DP:data parallelism, MOD=inter/union
Fd:psum fibers, Fs:fiber1, Ft:fiber(s)2, DP/FP:data/fiber parallelism, MOD=in/out/row
Fd:psum fibers, MOD=in/out/row, TYPE=sv/dv, FP:fiber parallelism
Fd:result beg&len, Fs:beg&len, Cs:start address, TYPE=C/U/sv/dv
Fd:result beg&len, Fs:fiber Cs:start address, TYPE=C/U

(1) The relation of tensor indices on the right side de-
fines the iteration space of SpTA. For example, the matrix
multiplication C;; = A;By; involves three dimensions. The
iteration space contains I JK points, each of which undergoes
an element-wise multiplication.

(2) The order of coordinate dimensions on the right side de-
scribes the order of traversing the iteration space and access-
ing tensor elements during SpTA computation. Particularly,
the access order of SFT must be started from the parent-fiber
to the child-fiber, which should be concordant [26] with the
dimension iteration order of EinSum.

(3) The correspondence between tensor indices on the left
and right sides describes the relation between the output
and the iteration space. Specifically, the dimensions of the
output tensor are usually a subset of the iteration space. The
missing dimensions are the ones that need to be reduced.

Based on these computation rules, the unified execution
flow of SpTA can be abstracted as a series of iterative pro-
cessing of input SFTs to construct the iteration space, apply
multiplication, and reduce some dimensions to get the output
SFT. The iterative processing steps contain five stages:

1. Load: access the required input fibers (nodes of SFT);

2. Intersection: for the same dimensions of multiple input
SFTs, e.g., k-crd in C;j = A By, perform intersection of
fibers to find the matching coordinates and construct the
iteration space together;

3. Apply: element-wise operations on each point in the
constructed iteration space;

4. Merge: for the fibers in the dimension that needs to be
reduced, merge its child-fibers;

5. Save: store the result SFT from the bottom to the top level.

The first three stages identify fiber elements required by
element-wise computation. These stages can be seen as a join
of input SFTs, which constructs the SFT of intermediate re-
sults. The last two stages are used to merge the intermediate
SFT to obtain the result, which is abstracted as the merging
of sub-trees. Since SFT is compatible with dense/sparse data
formats and can describe multidimensional tensors, and Ein-
Sum provides a unified mathematical description, the above

execution data flow abstraction can be used for general SpTA
tasks with different sparsity.

3.2 FEASTA ISA Design

3.2.1 Register Definition. FEASTA ISA has two kinds of
registers: fiber register (FR) and configuration register
(CR). FR has two types with different storage formats:

(1) For the last-level value fiber, FR contains the crd array
and the val array, one {crd, val} pair is a fiber element.

(2) For higher-level fibers, FR contains the crd array and
the address information of child-fibers. The latter one con-
sists of beginning position (beg) and length (len) of each
child-fiber. One {crd, beg, len} triple is a fiber element, and
len indicates the number of fiber elements in child-fiber.

FR is a vectorized register storing multiple fiber elements,
all in 32-bit. Therefore, computation instructions based on FR
can support parallel processing of multiple fiber elements,
achieving Design Goal 3. CR is a scalar register holding
basic SpTA information passed from the main controller: the
memory address of input and output data, tensor shapes, the
size of memory space allocated for intermediate results, etc.
CR will not be modified by the instructions of FEASTA.

3.2.2 Basic Instruction Type. We propose seven types of
FEASTA instructions for memory management and parallel
processing, including load, read, inter, dmr , acc, write,
and store (dmr is short for dispatch, multiplication, and
reduction.). ISA definition is shown in Tab. 1. Each instruc-
tion is padded to 32 bits for easy access. The ISA will repre-
sent the aforementioned five-stage SFT processing. The load
stage is achieved by load and read instructions. Intersec-
tions of two last-level value fibers and two other fibers are ac-
complished by the dmr and inter instructions, respectively.
The apply and merge stages are realized through different
modes of the dmr instruction. The acc instruction performs
the temporal accumulation part of the merge. The save stage
is fulfilled by write and store instructions.

3.2.3 Flexibility Design: ISA for Dense & Sparse Data.
In order to achieve flexibility for SpTA tasks with different
sparsity, the FEASTA ISA incorporates instruction designs
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R[Fd].len = shift(REFd]. beg) -R[Fd].beg " fiber2 CACHE(Ft)[R[Ft] beglil, R[Ft] len[il]
TyPE=dv:  RIFdl.crd = range(0:R[Ct]) results[0:FP]= outer product(fiberl, Fiber2
R[Fd].val = MEMIR[Cs]: 4><CR[Ct]] (b) .
oD gAkC)HE(Fd)[R[Fd] lEeg][(? FP] RIFd].len[0:FP]] += results[@:FP]
=out: =
start = R[Fs]. beg[f’]"x’{[%tﬁs ct flberS[O FP] = CACHE(Ft)[R[Ft] beg[0:FP], RIFt].len[@:FP]]
ond Z (RIFsl. Ti +R[Fs] lenlil) xRICt] res row_product(fiber, flberz[o FP]) )
RIFd].crd = range(o: R!i CACHE(Fd)[R[Fd] beg[l] RIFd].len[il] += result i)
R[Fd].beg = range(start: end RICt]) acc Fd MOD TYPE FP
R[Fd].len = R[Ct] (c) || TYPE=sv: gsum = CACHE%id) [R{gdéplﬁg[ll R[Fd].len[i]]
load—di Fd Cs Ct new? = peun + temp
R[Fd].crd = range(@:RI[Cs]) RIFd].len[i] = 1ength(new
R[Fd].beg = ran%e(e :R[CsIXR[Ct]:R[Ct]) CACHE(Fd) [RIFd] [i], RIFd].lenli]] =
RIFd].len = (d) || TYPE=dv: psum = CACHE(Fd )[R%Fd] beglil, R[Fd]. len[l]]
TYPEZC  sv: t . F?[!gd] ngcRs[FTY]PEb new Crd - psum Crd + temp.val where psum.crd==temp.crd
=L, svi 5 ar A ?tISXR[le lg% CACHE(Fd)[R[Fd] beg[l], RIFd].len[il] = new_psum (k)
CACHE(MEM[start end], Fs) write Fd Fs Cs TYPE
TYPE=U,dv: start = RICsI+4XR[F<]. beg TYPE=any: RI[Fd].begl[i+1] = R[Fs]. beg[1]+R[Fs] len[il
end = start+4XR[Fs].len TYPE=C,sv: start = R[Cs]+8XR[Fd]. beg
CACHE(MEM[start end], Fs) (e) end = start+8XRI[Fd].len
read-i Fd Cs Ct TYPE TYPE=U,d MEM[itart:end] - FC(A[(C:;{]ELZSX)R[FF[dF]S]bgeg' RIFsl. ten)
-. =U,dv: star =
TYPE=any: [ .crd = range(@:R[Ct]]) end = start+4XR[Fd]. g
Fdl bez f RICH] MEM[start:end] = CACHE(FS)[R[FS] beg, RI[Fsl.lenl.beg (1)
TYPE=C,sv: CACHE(MEM[R[CS] 8XRI[Ct]],Fd) store Fd Fs Cs TYPE
TYPE=U,dv: CACHE(MEM[RICs]:4xRI[Ct]],Fd) (f) || TYPE=C: stgrt = R{Cs?%is{gg%-?eg{l}
en = start+ enli
inter-d Fdl Fd2 Fs MEM[start:end] = R[Fs
R[Fd1] = CACHE(Fs)[R[Fs] beglil, R[Fs].len[i]] R[Fd].beg[i+1] = R[Fd]. beg[1]+length(R[Fs])
R[Fd2].crd = R[Fd1]. TYPE=U: start = R[Cs]+4XRFd]. beg[i]
R[Fd2].beg = R[Fd1]. crd><R[Ct] end = start+4xR[Fd].len[i]
R[Fd2].len = R[Ct] (g) MEM[start:end] = R[Fs].beg (m)

Figure 4. Semantic formula of FEASTA ISA. "R" represents registers, containing FR and CR. "range(start,end,step)" is in Python
syntax and generates a list. "MEM[start,end]" means memory access from address "start" to "end". "CACHE(fiber, Fd)" means
creating a space in cache labeled by "Fd" for "fiber", and "CACHE(Fd)[beg,end]" is accessing the fiber from "beg" to "end".

targeting both dense and sparse data. To this end, we first
classify the fibers in SFT into five types:

(1) Dense value fiber (dv): value fiber refers to the last-level
fiber (i.e., leaf node) in SFT. The dv fiber has a continuous
crd array, and all values are stored sequentially. Thus, the
crd array can be omitted in dv fibers.

(2) Sparse value fiber (sv): The crd array of sv fiber is
discontinuous due to sparsity. As a result, sv fibers need to
store both the crd array and the val array.

(3) Dense pointer fiber (D): pointer fibers are the higher-
level fibers (i.e., non-leaf nodes) in SFT. The D fiber has con-
tinuous crd array and arithmetic ptr array (i.e., the lengths of
child-fibers are the same, as shown in the i-fiber of Fig. 3(d)).
In FEASTA, we only need the length of child-fiber to calcu-
late beg and len, rather than store the ptr and crd arrays.

(4) Uncompressed sparse pointer fibers (U): sparse pointer
fibers have continuous crd arrays and irregular ptr arrays. An
example is shown in the i-fiber of Fig. 3(e). The continuous
crd arrays can be omitted.

(5) Compressed sparse pointer fibers (C): the difference
between U fibers and C fibers is that the crd arrays of C fibers
are discontinuous and need to be stored.

To improve the utilization of the hierarchical memory,
only necessary contents for each type of fiber are stored, and
the instructions are designed for different types. As shown
in Tab. 1, load and load-1i are responsible for loading value
fibers and sparse pointer fibers, while load-d and load-di
load the dense pointer fibers. Besides the storage optimiza-
tion, fiber types can also be used to simplify the computation.
For example, if the types of two fibers are U-U, U-D, or U-dv,
the intersection results are the same as the input. So, the
inter instruction can be omitted during compilation. And
the inter-d will not actually perform an intersection but cal-
culate the result beg and len through the length of child-fiber,
as shown in Fig. 4(g) and discussed in Sec. 4.2. Moreover, acc
has different accumulation methods for different fiber types.
For sparse fibers, the accumulation is the merge-and-sorting
of fibers. acc configures the hardware to sort several partial
sum (psum) fibers together to reduce the total merge count
and psum reads, as in SpMSpM accelerators [31, 63]. For
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Figure 5. Dataflow for the dmr-p instruction to compute matrix multiplication in (a) inner-product mode, (b) row-wise mode,
and (c) outer-product mode. Dataflow for the dmr-e instruction to compute sparse vector (d) multiplication and (e) addition.
The numbers in the figure are coordinates, and values are omitted for brevity.

dense output fibers, acc directly accumulates psum fibers
without sorting. In FEASTA ISA, the TYPE field is used to
determine different execution ways and configure the hard-
ware units, as shown in Tab. 1.

3.2.4 Efficiency Design: Parallelization Methods. In
order to improve efficiency, the proposed ISA supports par-
allelization from two aspects, i.e., parallelism within a single
instruction and multi-threading parallelism among instruc-
tions. At the single instruction level, one instruction can
process multiple fiber elements in parallel. As introduced
in Sec. 3.2.1, FEASTA FRs are vectorized, which can store
multiple fiber elements. The function units are also designed
to operate multiple fiber elements. This is similar to vec-
tor instructions’ data parallelism, and we refer to it as data
parallelism (DP). Moreover, a single read, dmr, or write in-
struction defines operations of multiple fibers. As shown in
Fig. 5(a), the dmr-p concurrently performs inner-products
between one A fiber and a set of B fibers. We call the number
of fibers in the set fiber parallelism (FP). The FP/DP field in
the dmr-p instruction is to configure the parallelism. At the
multi-instruction level, multiple same type instructions
can be packed to handle more data concurrently. During run-
time, the hardware modules execute these instructions in an
alternating manner similar to CPU multi-threading, rather
than using additional hardware resources for parallel execu-
tion or complete sequential execution. The implementation
of multi-threading benefits from the fact that parallel in-
structions in packing do not have output data dependencies,
while the input fibers can be reused in the cache. We refer to
this coarse-grained multi-threading parallelism of multiple
instructions as group parallelism (GP). When the workload
of an instruction is relatively small and completed earlier,
hardware modules can quickly switch to other instructions
in the instruction group, avoiding resource idleness.
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3.2.5 Detailed Instruction Semantic. The semantic for-
mulas of FEASTA ISA are shown in Fig. 4. The load instruc-
tions move the fiber from the DRAM address space to the FR
address space based on the starting address and length of the
fiber, as shown in Fig. 4(a-d). load-i gets fiber length from
CR[Ct], while load access memory based on beg&len of the
upper-level fiber stored in FR[Fs]. For load-d and load-di,
we use the length of child-fiber to calculate D fiber’s beg and
len, rather than loading fibers from DRAM.

The read instructions are responsible for prefetching fibers
from DRAM into the cache, as shown in Fig. 4(e-f). They can
also be used to allocate cache space for intermediate results,
e.g., psum of matrix multiplications. Storing results in an
on-chip cache instead of FR has the benefit of reducing the
FR occupancy and instruction count when describing paral-
lel processing of multiple fibers. Fibers required by different
instructions can be reused in the cache.

The inter instructions execute the intersection between
two fibers, as shown in Fig. 4(g-h). Notably, the source regis-
ters (FR[Fs], FR[Ft]) do not store the input fibers but store
the "pointer" (upper-level fiber) of input fibers. For example,
in Fig. 6(b), A.k and B.k fibers are "read" to cache. FR[0] and
FR[1] store their info. The intersector uses beg&len pairs in
FR[0] and FR[1] to access A.k and B.k from the cache. Using
cached fibers as intersection operands is because the fiber
length is various, and data access rates of two fibers may
vary a lot. Thus, making the intersector interact directly with
the cache is more flexible. The results of inter are saved in
FR and used by load and read of the next level SFT.

The dmr instructions define several modes of computation
between fibers, as shown in Fig. 4(i-j). They are responsi-
ble for dispatching some last-level value fibers to multipli-
ers followed by reduction networks, selectively performing
element-wise multiplications and reducing the results. The
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load-i A.m to FR[0] T=U

read A.k according to FR[@] T=C

read-i B.k and save info. into FR[1] T=C
read-i psum FR[18] len=0

for m in [0:M]:
psum = malloc(len)
for k in [0:K]:
t = malloc(len=N)
for n in [0:N]:
tln] = Alm] [k] * B[k][n]
psum = MergeAdd(psum,t)
CIm]=psum

acc FR[18] M=r T=sv
write C.n FR[18]
store C.m FR[18]

(a) Matrix Multiplication Pseudo Code

(group i=0:8) inter FR[2i+2] FR[2i+3] FR[@,i] FR[1,0] T=C-C
(group i=0:8) read B.n according to FR[2i+3] T=sv
(group i=0:8) dmr-p FR[18] FR[2i+2] FR(2i+3) FP=8 DP=4 M=r T=s

(b) SPMSpM with FEASTA ISA ( (GP)*FP*DP = (8)*8*4 )

Zhong, et al.

load-i A.m to FR[0] T=U
read A.k according to FR[@] T=C

read-i psum FR[18] len=N

(group i=0:8) inter-d FR[2i+2] FR[2i+3] FR[0,i] len=N T=C-D
(group i=0:8) read B.n according to FR[2i+3] T=dv

(group i=0:8) dmr-p FR[18] FR[2i+2] FR[2i+3] FP=8 DP=4 M=r T=d
acc FR[18] M=r T=dv

write C.n FR[18]

(c) SPMM with FEASTA ISA ( (GP)*FP*DP = (8)*8*4 )

Figure 6. Example of SpMSpM and SpMM expressed using FEASTA ISA ("T" represents "TYPE", "M" represents "MOD").

different modes are shown in Fig. 5, in which the numbers are
coordinates while values are omitted for brevity. The dmr-e
instruction performs element-wise operations between two
value fibers, including the union mode (Fig. 5(e)) and the in-
tersection mode (Fig. 5(d)).The former mode supports sparse
vector addition by three steps: sorting two value fibers by
crd, dispatching sorted fibers, and adding values of match-
ing crds. The latter mode describes sparse vector element-
wise multiplication, which intersects two value fibers by crd
and dispatches them to multipliers without reduction. The
dmr-p instruction completes three modes of tensor products:
inner-product (Fig. 5(a)), row-wise product (Fig. 5(b)), and
outer-product (Fig. 5(c)).

One dmr-p instruction is defined on one fiber of tensor A
(blue in Fig. 5) and fiber(s) of tensor B (green in Fig. 5). Taking
matrix multiplication A[M,K] x B[K,N] as an example, three
modes correspond to three loop orders. For the M-N-K order,
i.e., inner-product mode in Fig. 5(a), A-fiber is one row of
A along the k-dim, and B-fibers are columns of B along the
k-dim, so it’s the inner-product of one A row and two B
columns (FP=2). The first productist; = 1 X1+ 7 X7 + ...
considering the matched coordinates are "1, 7". Row-wise
mode means the M-K-N order; it performs the row-wise
product of one A row (along k-dim) and matched B rows
(indexed by k, along n-dim), and the multiplication results
1x[0256] and 3% [35 6 8] have to be merged according to
n-crd. Outer-product mode means the K-M-N order, A-fiber
is one column of A, and B-fiber is one row of B, and it is the
outer-product between [1 2] and [0 2 4 6]. m-dim and n-dim
do not need to be matched, so there are eight output values.

Notably, the dmr-p instruction contains two parallelism
dimensions: fiber parallelism indicates how many fibers are
processed by one instruction, and data parallelism indicates
how many elements in a fiber are processed in one cycle.
They are specified by instruction fields FP/DP. As shown in
Fig. 5(b), in row-wise mode, FP=2 means two elements of
A-fiber (stored in FR[Fs]) will be processed, and two corre-
sponding B-fibers will be processed (stored in the cache and
represented by beg&len in FR[Ft]). When FP is smaller than
FR size, the hardware will remember instruction execution
status in "stat. buffer” (illustrated as a part of the controller
in Fig. 7) and iteratively use elements in FR[Fs] as A-fiber
and elements in FR[Ft] to index corresponding B-fibers.
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The acc instruction performs psum accumulation for out-
put fibers after dmr-p. For the inner-product mode, the psums
are accumulated every cycle. For the row-wise-product mode
and outer-product mode, the psums of different dmr-p in-
structions using the same psum cache space are accumulated.

The write instruction is the reverse operation of the read
instruction, i.e., writing back fibers from the cache to DRAM.
The store instruction is the reverse operation of the load
instruction, i.e., writing back fiber in FR to DRAM.

3.3 FEASTA ISA Example

Fig. 6 shows SpMSpM and SpMM examples using FEASTA
ISA. Both adopt the row-wise dataflow as the pseudocode in
Fig. 6(a) and set different parallelism across the three inde-
pendent matrix multiplication dimensions. The m-dim paral-
lelism is configured through instruction group parallelism of
eight (group i=0:8). The other two dimensions correspond to
the fiber parallelism and data parallelism of dmr-p instruc-
tions. For SpMSpM in Fig. 6(b), the second instruction is
read, Ak is read according to its beg&len in FR[0]. The third
instruction is read-i, B.k is read according to CR (address
and length), and its information will be stored in FR[1] for
later use. For SpMM in Fig. 6(c), since the k-fiber of B and
the m-fiber of C are D fibers, no read or store instructions
are needed. The inter instruction is replaced by inter-d,
which will calculate the n-fiber addresses of B based on the
child-fiber length. The dmr-p and acc instructions also have
TYPE fields for configuring different hardware data paths.

4 FEASTA Hardware Architecture Design
4.1 Architecture Overview

The FEASTA architecture is shown in Fig. 7. The controller
buffers the instructions, manages other components, and
tracks the fiber elements already processed. The memory hi-
erarchy of FEASTA contains a register file containing FR and
CR, a global on-chip cache, and an off-chip high bandwidth
memory (HBM). The global cache has a unified address space
to capture different data reuse patterns across operands, and
the space is managed by a memory management unit (MMU),
which also executes the read and write instructions. Other
key components include a configurable loader and intersec-
tor, a multi-mode dispatcher, a computation array, and a
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Figure 7. The overall FEASTA architecture.

flexible accumulator. They are designed to process different
operators with various data sparsity.

4.2 Configurable Loader and Intersector

The loader and intersector invoke different underlying hard-
ware when processing different types of fibers. The loader
reads data when executing load and load-1i instructions.
Depending on the TYPE field, the read fiber may contain only
a ptr or val array. In this case, the loader will generate the
omitted crd array and convert ptr into beg and len arrays for
filling FR. While the load-d and load-d1i instructions do not
read DRAM but compute beg and len according to child-fiber
length. The data paths of the intersector also differ by fiber
type. When executing inter instruction, the intersector uses
a bitonic sorter to sort elements in two fibers according to crd
and then compares each adjacent crd pair to get the intersec-
tion results. Take [13 4] N[3 5] as an example. Sorter lines up
themto [13345] andgets1 <3, 3=3, 3 <4, 4 <5. Thus,
3 is the matched output. For inter-d, D fiber is not needed
to sort. The intersection results can be directly calculated
with the child fiber length and the crd of the other fiber. In
Fig. 4(g-h), inter has comparisons while inter-d does not.

4.3 Multi-mode Dispatcher and Computation Array

The dmr instructions are executed with three modules: dis-
patcher, multiplication array, and reduction network. The
reduction network adopts the FAN design from SIGMA [41]
to add any number of adjacent elements. Fig. 8 explains how
the dispatcher works under different modes of dmr instruc-
tions. For example, in dmr-e instructions, the dispatcher sorts
two fibers with a large data parallelism and dispatches their
intersection or union to downstream units for multiplication
or addition. In the inner-product mode of dmr-p instructions,
the dispatcher uses multiple parts of the bitonic sorting net-
work to compute intersections of one a-fiber and multiple
b-fibers in parallel and dispatches results. In the row-wise
multiplication mode of dmr-p, the bitonic sorting network
sorts multiple b-fibers, and a-fiber elements are selected to
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(a) dmr-p: inner product : (b) dmr-p: row-wise : (c) dmr-e: element-wise

B,

¥
¥

Figure 8. The dispatcher with bitonic sorter in different
modes of dmr. (a) A and B; are one row of a matrix and four
columns of another one. (b) B;s are four rows of the right
matrix. (c) A and B represent two vectors.

dispatch with the sorted b-fiber elements, mitigating work-
load imbalance. For instance, in the Spada accelerator [31],
a and b fibers are directly dispatched to multipliers. When
the lengths of b-fiber differ greatly, the overall multiplier uti-
lization is low, increasing computation time. As introduced
in Sec. 3.2.4, dmr-p instructions can configure different par-
allelism. Fig. 9 shows how the dispatcher and computation
array execute at two different parallelism settings. Denoting
the parallelism as (GP)xFPxDP. The parallelisms of Fig. 9(b)
and (c) are (1)x2x4 and (2)x2x2, respectively. Thus, the flex-
ible parallelism switching achieves high performance for
tensors with different non-zero value distributions.

4.4 Flexible Accumulator

The accumulator adds the psum results together in three
modes, as shown in Fig. 5(a)(b)(c). To support accumulations
for both sparse and dense tensors, accumulators can switch
between two types. For the dense type, the output of the re-
duction network is aligned with the psum to be accumulated,
so the accumulator directly adds them. For the sparse type,
merging output fibers into a psum fiber requires repeatedly
reading the psum fiber and doing merge sort.

5 Discussions
5.1 Tiling and Structural Sparsity

Tiling is a common technique in tensor algebra accelerators.
FEASTA can support tiling by equivalently viewing tiling as
more levels in the SFT, as ExTensor [19] dose. Block sparsity
is a special case of tiling, where matrices are partitioned into
fixed-size blocks that are dense or zero. FEASTA can not only
support block sparsity format by adding levels in SFT but
also simplify computations by using D and dv fiber types.

5.2 Different Iteration Orders

The same operator can have equivalent expressions that dif-
fer in iteration orders. Matrix multiplication can be com-
monly implemented via three algorithms: inner-product,
outer-product, and row-wise dataflow. These three orders
correspond to the three modes of FEASTA’s dmr-p and acc
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Figure 9. (a) Example of FEASTA’s dispatcher and computa-
tion array to perform dmr-p in row-wise mode for SpMSpM,
where the parallelism is (b) (1) X 2 X 4 or (c) (2) X 2 X 2.

instructions, allowing FEASTA to support them all. Among
SpMSpM accelerators, only Flexagon [35] supports three
dataflows, but it relies on matrix partitioning to fit data en-
tirely on-chip, and its merge unit shares the data path with
the adder tree, thus has only 1-element/cycle throughput.
We design the load, read, and inter instructions to accom-
modate different access orders of fibers in the three modes.

5.3 Compilation Flow

As shown in Fig. 10, FEASTA has course-grained and fine-
grained user interfaces, described by the EinSum and abstract
loops like [23, 26]. The former is a widely used function call
in tensor libraries, reducing programmers’ learning costs.
The latter allows users to provide specific descriptions. Be-
cause the definition of FEASTA ISA is based on the execution
flow on SFT, once SFT layout, execution order, and paral-
lelism are obtained, translating SpTA into instructions is
straightforward. We use a fixed rule compiler to generate
instructions based on manually entered parameters, e.g., di-
mension list, data address. In practice, these parameters can
be obtained by tensor compiler front-end and optimized by
middle-end. Techniques in previous NN and tensor compilers
like SparTA [66], SparseTIR [61], and TACO [26] will also be
useful for FEASTA by connecting the interface with these
compilers and doing auto optimizations to adjust data for-
mat, loop order, and parallelism. The optimized parameters
and code can be sent to the FEASTA assembler back-end to
generate instructions, replacing the general CPU back-end.

6 Experiments Setup
6.1 Hardware Configuration

FEASTA is configured with 64 multipliers, so the reduction
network is a 64-input FAN [41]. The main component of the
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Figure 10. The compilation framework of FEASTA.

dispatcher is a 64-input bitonic sorter. The accumulator in-
cludes 32 tree-topology mergers; each can merge eight fibers
simultaneously (same as Spada [31]). The loader contains
first-in-first-out (FIFOs) for data processing and eight integer
multipliers and ALUs for coordinate and address calculation.
The main component of the intersector is a 32-input bitonic
sorter for intersection, along with eight integer multipliers
and ALUs for address calculation. The register file has 32
32-bit CRs and 32 16-element FRs. The controller contains a
128-slot instruction buffer. The cache is a 16-way 1MB cache
with 64 banks for parallel data access. Data paths between
cache and other components are swizzle-switch crossbars.
The off-chip memory is set to 16 64-bit HBM channels with
a total bandwidth of 128GB/s, and the access latency is 30ns.

6.2 Datasets and Workload

We classify the sparse tensor datasets into three sets by their
applications and build different workloads with them.
Graph set. As shown in Tab. 2, we choose multiple sparse
matrices from SuiteSparse [28] as previous studies [31, 63]
do and add some validation datasets [56] commonly used
by GNNs. We multiply sparse matrices with dense matrices
with 64, 128, and 512 columns for SpMM tasks, while we
multiply the sparse matrix with itself (A - A) or its transpose
(A - AT) for SpMSpM tasks. For SDDMM tasks, we use the
sparse matrix as the sample matrix, and the dense matrices
have the reduction dimension sizes of 64, 128, and 512.
CNN set. Three classic CNN models [17, 29, 46] are pruned
with an open-source tool [69]. The weights and activations
of layers are saved and converted by img2col, as shown in
Tab. 2. We assume that there is no pruning or sparse acti-
vation to perform MM tasks between dense weights and
activations. We use pruned weight matrices and dense acti-
vation matrices to perform SpMM. The zero values caused
by the ReLU function [37] are filtered out for SpMSpM tasks.
Transformer set. The attention map of the Transformer
can also be pruned [13], and its calculation can be seen as
SDDMM tasks. And the following multiplications are thus
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Table 2. Sparse matrices in Graph, CNN, and Transformer.

Set ‘ Data Density ‘ Data Density
web-Google  6.08e-06 citeseer 8.22e-04

Hardesty2 1.42e-05 cora 1.44e-03

nell 5.82e-05 | poisson3Da  1.93e-03

Graph Set pubmed 2.28¢-04 | Computers 2.60e-03
email-Enron  2.73e-04 Ipi_forest6 2.85e-02

ca-CondMat  3.35e-04 cari 3.18e-01
AlexNet_3 W  6.38¢-01 | AlexNet 3_A 6.17e-01
AlexNet 8 W 5.94e-01 | AlexNet 8 A  1.73e-01

CNN Set ResNet18_3 W  2.31e-01 | ResNet18_3 A 1.72e-01
ResNet18_ 4 W  6.36e-02 | ResNet18 4 A 1.21e-01
Vggl6_27 W 3.95e-01 | Vggl6_27_A  2.44e-01
Vggl6_40 W  5.59e-01 | Vggl6_40_A  1.51e-01

TFSet | bert 1024  500e-02 | opt 1024  1.87e-02

SpMM tasks. As shown in Tab.2, we derive matrices from
BERT [11] and OPT-6.7B [64] and build SpMM and SDDMM
tasks with dense matrices with 512 or 1024 columns.

6.3 Baselines

We compare FEASTA against state-of-the-art accelerators
optimized for different kernels, a CPU extension, and GPU.
Tensor Core (TC): The acceleration architecture for dense
matrix multiplication is proposed by NVIDIA on the Volta
architecture GPUs. We take its architecture as an accelerator.
Tensaurus [49]: An accelerator targeting sparse-dense
operators like SpMM and SpMTTKRP.

Spada [31]: The state-of-the-art SpMSpM accelerator us-
ing row-wise dataflow. It can dynamically adjust the row
and column parallelism of one matrix.

SparseCore [42]: A CPU instruction set extension of key-
value stream data types, the merge instructions can be used
to accelerate merging in row-wise SpMSpM.

GPU: We run SpTA operators with NVIDIA’s CuSparse
library [38] on a V100S GPU.

6.4 Evaluation Methodology

In order to compare the hardware cost and performance,
we set the number of multipliers for all architectures to
64. And the other parts are adjusted accordingly. TC and
Tensaurus are set to have 512KB scratchpad memory. Spada
and FEASTA both have a 1MB cache. In all experiments, 32-
bit floating-point data is used for values, and 32-bit integer is
used for coordinates, which is usually sufficient in machine
learning tasks. The off-chip memory of each architecture is
uniformly set as 128GB/s bandwidth with a latency of 30ns.
When evaluating SpMM and SpMSpM on the TC architecture,
all sparse matrices are in a dense format that stores zero
values. When evaluating Tensaurus’ MM task and Spada’s
SpMM and MM tasks, the dense matrix is encoded as a sparse
matrix of 0% sparsity (storing coordinates).
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Figure 11. Performance comparison on MM tasks.

We use Spada’s open-source cycle-accurate simulator
to model its performance. Based on the simulation API of
on-chip memory and HBM in the Spada simulator, we im-
plement the data path and control logic for TC, Tensaurus,
and FEASTA. Therefore, we ensure that the performance
of each architecture is evaluated with the same memory
interface. TC and Tensaurus have fixed dataflow, and we
implement their control logic as a finite state machine that
iterates tiles on dimensions. For FEASTA, we use the same
simulation principle as Spada. Timing models of function
units are implemented, and the FEASTA simulator controls
the order of data transmission among units depending on the
instructions, while Spada uses a fixed transmission manner.

We implement modules of FEASTA in Verilog, including
controller, loader, intersector, dispatcher, multiplier, accu-
mulator, and reduction network. The key components of
baselines are also reproduced. All modules are synthesized
using Synopsys Design Compiler with TSMC 28nm technol-
ogy at 1GHz frequency to get the area and power. CACTI [36]
is used to evaluate the area and power for on-chip memory,
including register files, scratchpad memory, and cache.

7 Evaluation
7.1 Kernel-Level Performance

We evaluate accelerators by effective throughput, which is
defined as the number of non-zero multiplications in a task
divided by latency. Fig. 11 shows the results of MM. We
can see that TC designed for MM has the best performance.
FEASTA achieves 97% of the TC performance, but Spada can
not. This is because Spada’s fixed data path has to treat dense
matrices as 0% sparsity and introduce overheads. FEASTA’s
instruction-driven data path can not only process sparse data
but also calculate addresses of dense fibers and load values
without coordinates. This is exactly what TC does.

Fig. 12 shows the performance of SpMM. The throughput
of FEASTA is 1.26X Spada on graph datasets. We can see
that TC processes zeros in the sparse matrix, drastically
reducing the effective throughput on graph datasets. But it is
good on CNN datasets because the sparsity of CNN is small.
FEASTA is configured to run SpMM in this experiment so it
can achieve performance similar to Tensaurus.

For SpMSpM, TC and Tensaurus have low effective through-
puts on graph datasets, as shown in Fig. 13. FEASTA’s ge-
omean performance is 1.47x higher than Spada’s because
of workload balance. The parallelism of FEASTA and Spada
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Figure 13. Performance comparison on SpMSpM tasks.

is both 8x8. Spada dispatches workload according to row
ID, which is vulnerable to unbalanced element distribution.
Because it calculates eight A-rows with fixed eight PEs, the la-
tency is limited by the densest row. In contrast, FEASTA pro-
cesses one A-row per instruction and processes eight rows
concurrently by group parallelism, as described in Sec. 3.2.4.
All workload is processed by all PEs, reducing the impact
of unbalanced workload. Also, FEASTA’s dispatching before
multiplication mechanism helps balance B matrix load, as dis-
cussed in Sec. 4.3. The largest matrix is Hardesty, with more
than 900k nodes. The density varies from 0.0006% to 0.3%,
as shown in Tab. 2. Fig. 13 shows that FEASTA outperforms
Spada on most matrices regardless of size and sparsity. They
are worse than Tensaurus on two CNN tasks because the
sparsity is low. In fact, FESTA can be configured to run them
as SpMM and achieve performance similar to Tensaurus.

No baseline can execute SDDMM as a sparse kernel, so
we evaluated the performance of TC (suitable for MM) to
execute SDDMM in a dense way. The comparison is shown
in Fig. 15 and Fig. 14. Performing SDDMM in a sparse way
with FEASTA achieves 20.65X geomean throughput than
performing it in a dense way with TC on TF datasets, and
up to 422.16X geomean throughput on graph datasets.

7.2 Model-Level Performance

Besides-kernel level tasks, the end-to-end performance of
NN models is also evaluated. The GNN models are GCNs on
Cora, Citeseer, and Pubmed. The CNN models are VGG16 and
ResNet50, and the LLM model is LLaMA2-7B. We extract all
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matrix operators from the network, run them one by one in
simulators, and add up the results as the end-to-end latency.
The original CNN and LLM have no sparsity. We prune the
weights of GNN and CNN [16], with 60%-90% unstructured
sparsity. The ReLU function sparsifies the activation, and the
sparsity is 44%-78%. For LLM, the average sparsity of pruned
weight [15], activation [34], and attention is 54%, 61%, and
81%. Since pruning is optional for NN models, both sparse
and dense kernels are tested, and the best performance for
each accelerator is selected as the final result.

As shown in Fig. 16, FEASTA achieves the best geomean
performance among models. Because FEASTA is flexible and
can choose sparse or dense processing manners for different
kernels, it can achieve better performance in mixed tasks
containing different types of SpTA and sparsity compared to
other architectures with only one fixed processing mode.

7.3 Area and Power Evaluation

Tab. 3 shows the area of FEASTA. Similar to other kernel ac-
celerators [31, 35, 63], the main area of FEASTA comes from
the cache. In this regard, we follow other accelerators and
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Figure 18. ISO-area comparison on model-level tasks.

set a 1MB cache to alleviate memory access bottlenecks in
highly sparse tasks and support flexible concurrent memory
access. In addition, to support different dataflow of various
SpTA, FEASTA introduces some overhead of register files
for the flexible architecture. The dispatcher and crossbar are
more complicated than single dataflow architecture.

The area of TC, Tensaurus, Spada, and FEASTA is 0.94mm?,
0.96mm?, 4.07mm?, and 4.39mm?, while the power of them
is 3.21W, 3.96W, 10.44W, and 12.51W, respectively. It can
be seen that architectures designed for operators with more
sparsity have larger areas and power. For Spada and FEASTA,
which can support SpMSpM, their area is not significantly
different. Due to the on-chip cache, the area of Spada and
FEASTA is much larger than TC and Tensaurus. But from
Fig. 13, we can see from the geomean results that Spada and
FEASTA supporting sparse matrix processing can improve
throughput hundreds of times that of TC. So, designing an
accelerator for SpTA is very necessary and meaningful.
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Together with the geomean performance results shown in
Fig. 1, we can give the area efficiency and power efficiency
analysis. The area efficiency ratio of TC, Tensaurus, Spada,
and FEASTA is 1: 5.9 : 5.7 : 10.6, and the power efficiency
ratio is 1: 4.9 : 7.5 : 12.7. Both area and energy efficiency of
FEASTA outperforms those of baselines on heterogeneous
workload. To support general SpTA, accelerators have to
introduce more units of decoding, sorting, and cache, so
Spada and FEASTA have larger areas than TC and have lower
area efficiency on only MM tasks. FEASTA’s goal is not to
outperform TC on MM but to solve how to design hardware
for various tensor algebra workloads with sparse and dense
mixtures. SpTA with different sparsity is common in the real
world. TC is simple and efficient for MM, but suffers from
low utilization on sparse workload. FEASTA and Spada can
handle it in a sparse manner. FEASTA is more flexible than
Spada in processing dense tensors in a simplified way and
supports more operators like SDDMM.

7.4 1SO-area Evaluation

We also perform an equal-area comparison besides equal-
multiplier experiments. We increase the number of comput-
ing units for TC and Tensaurus by eight times (two times
on the output row dimension and four times on the output
column dimension) so that their area is similar to that of
Spada and FEASTA. The parallelism of on-chip buffers also
changes, but the total amount remains less than 1MB. The
same methodology as in Sec 6.4 is used to evaluate the perfor-
mance and hardware cost. The area of TC, Tensaurus, Spada,
and FEASTA is 4.23mm?, 4.55mm?, 4.07mm?, and 4.39mm?,
while the power of them is 18.61W, 23.71W, 10.44W, and
12.51W. The performance results are shown in Fig 17. It can
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be seen that FEASTA performs worse than TC on MM tasks
because TC is simple and can achieve larger parallelism in
the same area. But because TC cannot handle other SpTA
kernels sparsely, FEASTA achieves better performance on
other tasks and, therefore, has higher geomean performance.
The model-level performance under ISO-area condition is
also evaluated, and the results are shown in Fig. 18, where
FEASTA achieved the best geomean performance. Consider-
ing power efficiency, FEASTA exceeds other architectures
by more than 2.8X. Tensaurus performs best on LLM due to
its larger parallelism and the lower sparsity in LLM.

7.5 Comparison with SparseCore

This section compares with SparseCore, another flexible de-
sign. Notably, as a CPU ISA extension for key-value streams,
SparseCore inherits flexibility from CPU and only acceler-
ates sparse psum accumulation for SpTA using the merging
instruction and unit. Thus, we simulate a row-wise SpMSpM
operator and implement all vector merging with a 64-parallel
sorting unit. Fig. 19 shows the result, where SparseCore only
merges two vectors, but FEASTA performs concurrent row-
wise products across fibers, leading to 3.19x performance.

7.6 Comparison with GPU

We measure the latency of kernels running on GPU to get
its effective throughput. GPU has higher throughput on MM
and SpMM since it has much more computation resources
but with larger area and power. Considering power efficiency,
FEASTA is 5.40x power efficient than GPU among kernels
and up to 97.44X on SpMSpM kernels, as shown in Fig. 20.

8 Related Work

8.1 Sparse Tensor Algebra Modeling

TACO [25] proposes the theory of SpTA compiler. Capstan [44]
connects the SpTA to a low-level map-reduce-based pro-
gramming model [27]. Sparseloop [60] categorizes sparse

abstractions for sparse deep learning acceleration.

8.2 Sparse Kernel Accelerators

There are many accelerators designed for specific sparse
kernels. [45] was the first to research multi-way merge par-
allelization methods for sparse matrix-vector multiplication
(SpMV). CoSparse [14] and SparseAdapt [39] proposed a
reconfigurable framework to accelerate SpMV and SpMM,
while HiSparse [12] and Sextans [47] created streaming ac-
celerators that utilize the HBM on FPGA. SIGMA [41] and
Sparse-TPU [18] adopt the inner product dataflow to sup-
port SpMSpM kernels, while OuterSPACE [40], SpArch [65],
and Spaghetti [22] explore the outer product dataflow. SOTA
SpMSpM accelerators [31, 48, 63] use row-wise dataflow,
which combines the advantages of the former two.

9 Conclusion

This paper proposes FEASTA, a flexible and efficient accelera-
tor for SpTA. There are three main techniques: a unified mod-
eling for SpTA execution flow, a flexible SpTA ISA with an ef-
ficient parallelization mechanism, and an instruction-driven
configurable architecture. Evaluations on various tasks show
that FEASTA achieves 5.66x geomean power efficiency im-
provements compared to GPU. FEASTA delivers 1.47x and
3.19x higher performance on sparse matrix multiplication
kernels compared to SOTA sparse matrix accelerator and
CPU extension, and achieves 1.69-12.70X energy efficiency
over existing architectures across diverse kernels.
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A Original data
Four tables are the original data of Fig. 11 (Unit: FLOPS).
Graph-64 ‘ cora pubmed Ipi_forest6  citeseer nell Computers ca-CondMat Hardesty2 cari email-Enron  poisson3Da  web-Google
TC 8.72E+07 1.44E+07  3.13E+08  5.26E+07 3.72E+06 1.65E+08 2.22E+07 9.11E+05  1.57E+10 1.74E+07 1.23E+08 3.89E+05
Tensaurus | 2.67E+10 6.77E+09  2.23E+10 1.66E+10 1.82E+09 4.30E+10 1.06E+10 4.62E+08  5.63E+10 7.92E+09 4.00E+10 1.98E+08
Spada 1.61E+10 1.04E+10 1.49E+10 1.30E+10  9.49E+09 1.32E+10 1.08E+10 3.28E+10  6.37E+10 1.68E+10 1.65E+10 9.69E+09
FEASTA | 2.03E+10 1.50E+10 1.51E+10 1.48E+10 1.33E+10 2.31E+10 1.54E+10 3.09E+10  5.99E+10 3.08E+10 1.70E+10 1.29E+10
Graph-128 cora pubmed Ipi_forest6  citeseer nell Computers ca-CondMat Hardesty2 cari email-Enron  poisson3Da  web-Google
TC 8.72E+07 1.44E+07  3.17E+08  5.26E+07 3.72E+06 1.65E+08 2.22E+07 9.11E+05  1.57E+10 1.74E+07 1.23E+08 3.89E+05
Tensaurus | 1.34E+10 3.38E+09  1.12E+10  8.29E+09 9.08E+08  2.15E+10 5.28E+09 2.31E+08  2.82E+10 3.96E+09 2.00E+10 9.92E+07
Spada 1.42E+10 1.04E+10  1.69E+10  1.22E+10 2.29E+09 1.30E+10 1.13E+10 2.42E+10  6.46E+10 1.48E+10 1.71E+10 1.07E+10
FEASTA 1.80E+10 1.50E+10  1.75E+10  1.43E+10 2.47E+09 1.93E+10 1.60E+10 2.37E+10  6.17E+10 2.25E+10 1.80E+10 1.44E+10
Graph-512 cora pubmed Ipi_forest6  citeseer nell Computers ca-CondMat Hardesty2 cari email-Enron  poisson3Da  web-Google
TC 8.72E+07  1.44E+07 3.19E+08 5.26E+07  3.72E+06 1.65E+08 2.22E+07 9.11E+05  1.57E+10 1.74E+07 1.23E+08 3.89E+05
Tensaurus | 3.34E+09 8.46E+08 2.79E+09  2.07E+09 2.27E+08 5.37E+09 1.32E+09 5.78E+07  7.04E+09 9.90E+08 5.00E+09 2.48E+07
Spada 1.25E+10 1.05E+10  1.89E+10  1.11E+10 2.78E+08  1.11E+09 1.17E+10 2.56E+10  5.10E+09 4.86E+08 7.65E+08 1.15E+10
FEASTA | 1.53E+10 1.36E+10 1.99E+10  1.32E+10 2.80E+08 1.13E+09 1.48E+10 2.54E+10  5.09E+09 4.90E+08 7.67E+08 1.41E+10
512 1024
CNN&TF | alexnet_3 alexnet_8 resnet_3 resnet_ 4  vgg 40
bert opt bert opt
TC 3.05E+10 3.73E+10 1.46E+10 4.07E+09 3.58E+10 3.20E+09 1.20E+09 3.20E+09 1.20E+09
Tensaurus | 5.43E+10 5.34E+10 5.33E+10 5.47E+10 4.52E+10 5.23E+10 4.93E+10 5.23E+10 4.93E+10
Spada 5.34E+07 247E+08 191E+08 1.82E+08 1.90E+08 5.44E+08 5.66E+10 5.94E+07 5.65E+10
FEASTA 5.87E+10 5.85E+10 5.74E+10 5.12E+10 5.94E+10 4.89E+10 3.39E+10 4.89E+10 3.39E+10
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