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ABSTRACT

1

Sparse matrix computations have witnessed a resurgence with the
pervasive use of deep neural networks. Leveraging sparsity enables efficiency of storage by avoiding storing zeroes. However,
sparse representations incur metadata computational overheads –
software needs to process the metadata (or indexe) that describes
row/column locations of non-zero values before it can access the corresponding data values. There have been several formats proposed
for representing sparse matrices including Compressed Sparse Row
(CSR), Coordinate (COO), Bitmaps, Run-length encoding, & hierarchical representations. Each representation achieves different levels
of memory compression and incurs different levels of computational complexity depending on the sparsity (percentage of zero
values). We seek answers to the following: (i) at what sparsity levels
is it worth eliminating compressed representation of matrices and
use the dense representation that includes both zeros and non-zero
values, and (ii) even if we use compressed data representation, will
it be useful to expand the matrices internally to eliminate metadata processing overheads? In this paper we propose the use of a
special hardware called ExPress that expands compressed matrices
into dense data, eliminating metadata computations from the main
processing element. Our ExPress hardware is configurable so that it
can expand from different compressed formats.
Our experiments for matrix-vector multiplication using several
DNN workloads show performance gains of 43%, 33% and 11%
on average over software implementations that use CSR, Bitmap
and Run-length encoding respectively. ExPress shows performance
gains over sparse software codes for sparsity up to 70%. Further,
ExPress simultaneously achieves energy improvement by reducing
the instruction overhead of sparsity-aware computations.

With the trend towards embedding intelligence into the edge, there
is a growing need to support compute and storage-efficient machine learning algorithms on low-power sensing and handheld
devices. These devices are characterized by simpler cores, and small
on-chip memory [36, 37, 46]. Achieving real-time inference capability in these devices requires optimizing both the storage and
computations performed by matrix-based kernels such as matrixvector multiplication. Leveraging sparsity (zeroes) in the input data
and/or weights of deep neural nets (DNNs) has emerged as a viable
technique to achieve these improvements [18, 39, 49].
Sparsity (the percentage of zeroes in the matrix) is exploited
to improve performance, as well as reduce storage and energy requirements. To achieve these improvements, various sparse matrix
representation techniques have been proposed and used in scientific
and machine learning codes. These include compression formats
such as compressed sparse row (CSR [2]), block compressed CSR
(BCSR [3]), compressed sparse column (CSC [4]), coordinate list
(COO [10]), bit-vectors [39], run-length encoding [39] and hierarchical bit-vector representations [27]. Conceptually, these formats
store only non-zero (denoted 𝑁 𝑍 ) values of a matrix along with
metadata to indicate the row and column positions (i.e., indices) of
these values. Matrix codes are written to a specific representation
in order to interpret the metadata and to perform computations
only on the 𝑁 𝑍 values.
We observe that accessing and processing compressed metadata
incurs overheads. To perform pairwise multiplications of elements
from matching columns (rows), metadata of one matrix is used to
lookup (and often match) the non-zero elements of another. To
illustrate, consider the spMV algorithm that multiplies a sparse
matrix 𝑀 by a dense vector 𝑉 to produce an output (dense) vector
𝑌 . Figure 1 shows a sample 3 × 3 matrix 𝑀 and two compressed
representations: compressed sparse rows (CSR) and Bitmap.
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INTRODUCTION

Figure 1: A 3x3 sparse matrix in CSR and Bitmap Formats
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In the Bitmap representation, an array stores 0s and 1s corresponding to positions of zeroes and non-zeroes in the matrix. Only
the non-zero values are stored in a separate array. Using the locations of the 1s in the bitmap array, software determines the corresponding column indices to perform matrix computations. For
example, the spMV (sparse matrix-vector multiplication) algorithm
traverses the bitmap array row by row, obtaining the column indices of the 𝑁 𝑍 values (corresponding to 1 bits in the bitmap), and
accesses the corresponding indices of the (dense) vector 𝑉 . A simplified outline of this algorithm implemented is shown in Algorithm 1
below.

context we propose ExPress– a hardware accelerator. Denoted ExPress, the accelerator’s goal is to simultaneously improve storage,
energy and performance of low-sparsity matrix codes by expanding
compressed matrices. Expanded data is presented to the CPU via
memory buffers. In addition, ExPress supplies mask bits to let the
CPU skip wasteful computations. Thus, ExPress simultaneously enables efficient storage as well as efficient computations by removing
the metadata (or index) processing burden from software codes. We
incorporate ExPress support within the RISCV RV32IMCV ISA.
We make the following contributions:
• Design and evaluate a novel memory-side accelerator that
works in unison with matrix-based codes running on CPU
cores. The accelerator improves performance of embedded
single-threaded cores by eliminating sparse matrix metadata
overheads and improving compute–memory overlap.
• Leverage the open RISCV RV32 32-bit core as our baseline
to design the operation of the accelerator.
• Across a range of sparse matrices drawn from DNN workloads, and synthetic benchmarks, we demonstrate that ExPress improves performance of spMV by 43%, 33% and 11%
on average over Bitmap, Run-Length (RL) and CSR software
codes respectively in embedded systems.
• ExPress simultaneously achieves 15%, and 10% energy reduction over Bitmap and RL formats respectively by eliminating
metadata processing cycles from processing elements.

Algorithm 1 Bitmap Version of spMV
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:

procedure spMV
w←0
for 𝑖 = 0; 𝑖 < 𝑛; 𝑖 = 𝑖 + 1 do
s←0
for 𝑗 = 0; 𝑗 < 𝑛; 𝑗 = 𝑗 + 𝑐 do
bits ← bitmap[w++]
for 𝑘 = 0; 𝑘 < 𝑐; 𝑘+ = 1 do
if bits & 0x1 then
s ← s + 𝑣𝑎𝑙𝑠 [𝑛𝑒𝑥𝑡] × 𝑣 [ 𝑗 + 𝑘]
bits = bits >> 1
𝑛𝑒𝑥𝑡 = 𝑛𝑒𝑥𝑡 + 1
y[i] ← s

Array 𝑏𝑖𝑡𝑚𝑎𝑝 [.] holds the metadata of 0s and 1s, while array
𝑣𝑎𝑙𝑠 [.] holds the non-zero values of the original matrix. 𝑣 [.] is the
dense vector. Each iteration of the loop on loop index 𝑗, the code
fetches the next chunk of the bitmap (shown as of size 𝑐, where
𝑐 could be 32-bit) and goes over each bit examining if it is a 1. If
it is a 1, then the next value from 𝑣𝑎𝑙𝑠 [.] is multiplied with the
corresponding element from 𝑣 [.] and accumulated.
There are several performance overheads with this softwareonly approach. One, the metadata cost is high: each innermost
loop iteration includes a check on the bit value before the actual
multiply-accumulate can be performed. Two, unlike the traditional
uncompressed matrix-vector multiplication algorithm, this sparse
version has three nested loops thereby incurring additional loop
control overheads. Three, the code is hard to parallelize/vectorize.
As we will quantitatively discuss in Section 2, the Bitmap compression technique is not efficient for lower sparsity matrices. Similarly,
almost all other compression techniques incur metadata overheads
that often constitute a large fraction of processing cycles especially
when the sparse matrices do not exhibit high sparsity. In fact, low
to moderate sparsity (20% − 70%) is dominant in DNN workloads
unlike the traditional scientific domain where sparsity in matrices
is very high [6], [38]. Thus, while the sparsity needs to be leveraged
for storage and energy gains, the performance drawback needs to
be addressed.
In this work, we seek answers to the following: (i) at what sparsity levels is it worth eliminating compressed representation of
matrices and use dense (uncompressed) representation of data that
include both zeros and non-zero values, and (ii) even if we use
compressed data representation, will it be useful to expand the
matrices internally to eliminate metadata computations? In this

2

BACKGROUND AND MOTIVATION

Intelligent real-time sensing applications such as keyword spotting [49] and visual wake word recognition [8] require real-time
machine-learning based inference engines to execute on low-power
sensors that are limited by power, storage and compute capabilities.
On the low end of the compute spectrum, these microcontrollerbased devices (MCUs) comprise simple in-order cores (such as a
core from ARM Cortex-M series or RISCV RV32) integrated with
a small on-chip SRAM (100KBs – a few MBs), clocked at no more
than a few hundred million cycles per second. Thus, achieving intelligence at the edge requires highly optimized implementations
of various types of ML inference algorithms.
Both Convolutional neural nets (CNN) and Recurrent neural nets
(RNN) employ matrix-based algorithms for applications such as object detection [14], image captioning [28], speech recognition [16],
and natural language processing [33]. With feature sizes and output classes in the order of a few thousand elements, the storage
capacity required often exceeds available SRAM. For example, the
final fully connected layer of VGG16 [45] employs a 4K x 1K weight
matrix requiring a few MBs of storage. Thus, techniques such as
network pruning and quantization have been used to reduce the
memory footprint by eliminating some connections (weights set
to 0) or by avoiding storing 0 values in intermediate features [19].
Unlike scientific sparse matrices, CNNs contain far less sparsity.
Figure 2 plots the average sparsity of the output in each convolution
layer of quantized implementations of VGG16, VGG19 and Cifar10.
While sparsity improves with layer depth, earlier layers have only
a moderate level of sparsity to exploit – more than half the layers
have less than 60% sparsity.
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Figure 2: Sparsity by Convolution Layer
Several sparse matrix formats have been proposed to achieve
lossless compressed storage of sparse feature maps and weights [7,
18, 27, 32, 39, 40, 45]. While all of these formats achieve storage
efficiency, they incur computational overhead to extract non-zero
values using the matrix metadata, and sparse matrix algorithms are
harder to vectorize/parallelize. Given the low to moderate sparsity
seen in several convolution layers (see Figure 2), these compression overheads may annul the storage and computation savings
expected with sparse data. Thus a wholistic analysis of the benefits
of compression is needed, accounting not just for storage, but also
for performance as well as energy. Below, we examine each of these
for three representative formats – CSR, bitmap and run-length encoding, to motivate our ExPress design. Our goal is not to provide
an exhaustive comparison of these formats but rather to provide
motivation for jointly optimizing storage, performance and energy
of sparse computations.
Storage Efficiency: Table 1 lists the storage requirements for
various formats given an input 𝑛 × 𝑛 matrix with sparsity 𝑠 (sparsity refers to the fraction of data that are zeros – higher sparsity means more zeroes) and each non-zero element occupying
𝑒 bytes. The sizes shown assume bit-exact allocations – byte alignment or padding incur additional storage. Compressed Sparse Rows
(CSR [2]) stores non-zero values of the sparse matrix in a row-major
order. All the non-zero columns are stored in a CSR_Cols array
𝑙𝑜𝑔 (𝑛)
(𝑠𝑛 2 28
bytes) and corresponding values in a CSR_Vals array
2
(𝑠𝑛 𝑒 bytes). A CSR_Rows array contains indices into the CSR_Cols
array marking the start and end of the non-zero data for each row
𝑙𝑜𝑔 (𝑛 2 )

((𝑛 + 1) 28
bytes). In the Bitmap representation (see [40]), a
bit map of the matrix is constructed where each bit corresponds
to a matrix location and the bit value denotes if the location has a
non-zero or zero value. An array of values similar to CSR_Vals is
used to store the non-zero values. In the Run-Length representation
(see [39]), a run of adjacent non-zero values is recorded by a pair
(𝑠𝑡𝑎𝑟𝑡_𝑐𝑜𝑙𝑢𝑚𝑛, 𝑛𝑢𝑚_𝑛𝑜𝑛_𝑧𝑒𝑟𝑜𝑒𝑠). The average length of a run of
non-zeroes is denoted by 𝑙. All such pairs are stored in an RL_Cols
array (

𝑠𝑛 2 2𝑙𝑜𝑔2𝑛
8𝑙

bytes). Non-zero values are stored in an RL_Vals

Format
Uncompressed

Size (Bytes)
𝑛2𝑒

Description
No metadata needed. Storage
size does not depend on sparsity.

𝑙𝑜𝑔2 (𝑛 2 )
+
8
𝑙𝑜𝑔 (𝑛)
𝑠𝑛 2𝑒 +𝑠𝑛 2 28

𝑙𝑜𝑔 (𝑛 2 )

(𝑛 + 1)

(𝑛 + 1) 28
is storage for
CSR Row indices. The 𝑙𝑜𝑔2 (𝑛 2 )
is the worst-case number of bits
required to describe each index. 𝑠𝑛 2𝑒 is storage for non𝑙𝑜𝑔 (𝑛)
zero values. 𝑠𝑛 2 28
is storage for CSR column indices of
non-zero values.

Bitmap

𝑛2
8

𝑛2
8

Run-length

≈

CSR

+ 𝑠𝑛 2𝑒

𝑛𝑙𝑜𝑔2 (𝑛)
8

𝑠𝑛 2 2𝑙𝑜𝑔2 𝑛
8𝑙

+

+ 𝑠𝑛 2𝑒

is storage for the bitmap.
𝑠𝑛 2𝑒 is storage for non-zero values.
𝑛𝑙𝑜𝑔2 (𝑛)
The
is storage for
8
number of RLs in each row.
𝑠𝑛 2 2𝑙𝑜𝑔2 𝑛
is storage for (start,
8𝑙
num) pairs assuming an average run length 𝑙.

Table 1: Storage for Different Sparse Matrix Formats

array (similar to CSR_Vals). An RL_Rows array contains the number
𝑛𝑙𝑜𝑔 (𝑛)
of runs in each row ( 82
bytes).
Figure 3 plots the storage needs for a 1024 by 1024 matrix holding
16-bit data values at different sparsity levels under several storage
formats, normalized to the storage needed by the uncompressed
format. Bitmap and RL (with 𝑙 = 8) formats reduce the storage
compared to the uncompressed format at nearly all sparsity levels
while other formats become attractive at higher sparsity.
Performance Efficiency: Figure 4 plots the normalized dynamic
instruction counts of the matrix-vector multiply algorithm implemented atop various sparse formats (normalized to the uncompressed version). For illustration, we used a synthetic 1024 by 1024
matrix with average non-zero run-length of 4. At lower sparsity
levels (≤ 50%), the Bitmap and RL formats incur significantly high
metadata processing overhead, resulting in much higher instruction
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Figure 3: Storage Needs for a 1K by 1K Sparse Matrix

Figure 4: Matrix-Vector Multiplication: Dynamic Instruction
Counts

count than the uncompressed format. In contrast, these formats are
the most efficient in terms of storage as shown by Figure 3.
Energy Efficiency: Ultra-low power sensing devices must achieve
very low energy & power goals while implementing machinelearning algorithms. We estimate the energy of sparse-matrix computation as a sum of three sources: (i) energy of memory accesses,
(ii) energy of matrix-based computations, and (iii) processor pipeline
energy (instruction fetch, decode, etc). While uncompressed formats incur higher memory energy, compressed formats incur higher
processor pipeline energy. Figure 5 plots the energy breakdown
of the matrix-vector algorithm across various storage formats at
different sparsity levels (Section 5 provides details of energy costs).
While compressed formats lower the memory access energy, some
formats incur significant processing energy. In such formats, economy of storage can be lost due to expensive computation. Thus,
a judicious trade-off must be made in determining how to store
sparse data, and how to process it.

3 EXPRESS
3.1 Overview
ExPress is motivated by this storage–computation–energy trade-off
at low sparsity. ExPress simultaneously exploits the storage reduction of sparse formats and the computational simplicity of the uncompressed format to achieve overall energy reduction. It does so by
expanding the compressed data and supplying expanded data to the
CPU. Expansion enables computational kernel software to become
compression format-agnostic and the CPU does not incur cycles
processing metadata. This leads to both performance improvement
and energy saving. At the same time, ExPress supplies mask bits to

the CPU so that expansion does not result in unnecessary computations. Thus even though ExPress expands the compressed matrix,
the energy incurred by computations (by computations, we mostly
refer to multiplication operations that are prevalent in DNN workloads) is limited to useful non-zero data. Thus ExPress provides a
memory-side substrate to orchestrate sparse computations that are
simultaneously performance, energy and storage-efficient.
Figure 6 shows the system organization of a typical low-power
MCU (diagram on the left) as well as a high-performance processor
with ExPress(diagram on the right). The MCU is provisioned with
a small amount of on-chip SRAM backed by non-volatile storage
(typically flash memory). In the MCU, ExPress is integrated such
that it can access the SRAM. We expect an on-chip interconnect
through which ExPress can access the SRAM for (pre)fetching matrix
contents1 . Memory read/write requests issued by ExPress are routed
by the interconnect to the correct SRAM banks as per the chip-level
memory map.
The high performance processor includes a cache hierarchy
followed by off-chip memory (typically DRAM). ExPress is integrated into the L1D cache so that it can leverage the 𝑇 𝐿𝐵 to convert
software-programmed virtual to physical address translation and
issue memory requests for matrix contents.
ExPress is internally organized into a front-end (𝐹 𝐸) and a backend (𝐵𝐸). The 𝐹 𝐸 is responsible for CPU-side interactions: handling
configuration writes from the CPU and supplying data to the CPU
in response to buffer load requests. By design, the front-end is
unaware of the sparse format used. The 𝐵𝐸 is aware of the sparse
format and uses the metadata to fetch values and provide their
indices to the front-end. It issues loads of matrix data and metadata
from the memory system to enable the 𝐹 𝐸 assemble data buffers in
a timely fashion. The 𝐹 𝐸 and the 𝐵𝐸 operate in a decoupled manner
synchronized by a control unit that starts or throttles the 𝐵𝐸 based
on availability of space in the buffers. This separation between a
sparsity-unaware front-end and sparsity-aware back-end enables
the front-end portion of the design to be reused while only the
back-end needs to be updated to support newer sparse formats.

3.2

ExPress Front-End

We first describe the programming of the 𝐹 𝐸 followed by its design.
Programming Model and Operation: The ExPress 𝐹 𝐸 is responsible for matrix metadata configuration, and coordination with
the CPU. Initially, the 𝐹 𝐸 has to be configured by software to point
the 𝐹 𝐸 to matrix metadata stored in memory. This programming is
performed by writing to a set of memory-mapped registers (MMRs)
in the 𝐹 𝐸. Values programmed into these configuration registers
control the address generation and termination logic. Below, we
list the MMRs needed:
• 𝑀_𝑁𝑢𝑚_𝑅𝑜𝑤𝑠: Number of rows of sparse matrix 𝑀.
• 𝑀_𝑁𝑢𝑚_𝐶𝑜𝑙𝑠: Number of columns of sparse matrix 𝑀.
• 𝑆𝑝𝑎𝑟𝑠𝑒_𝐹𝑜𝑟𝑚𝑎𝑡: Format in which the sparse matix is stored
(one of CSR, Bitmap, Run-Length in our evaluation)
• 𝑀_𝑅𝑜𝑤𝑠_𝐵𝑎𝑠𝑒: Base address of metadata array that provides
aggregate information about each row.
1 Such on-chip interconnects are the norm in MCUs to allow DMA (Direct Memory
Access) accesses to SRAM and we do not consider this as a new requirement for ExPress
integration.
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Figure 5: Matrix-Vector Multiplication: Energy Breakdown

Figure 6: System Organization with ExPress
• 𝑀_𝐶𝑜𝑙𝑠_𝐵𝑎𝑠𝑒: Base address of metadata array that provides
information about non-zero locations in each row.
• 𝑀_𝑉 𝑎𝑙𝑢𝑒𝑠_𝐵𝑎𝑠𝑒: Base address of the array holding non-zero
values of the matrix.
• 𝐸𝑙𝑒𝑚𝑒𝑛𝑡_𝑆𝑖𝑧𝑒: Size of each data value in the values array (to
distinguish 8-bit/16-bit/32-bit/etc data types)
• 𝑆𝑡𝑎𝑟𝑡/𝑆𝑡𝑜𝑝: This bit is set to start or stop the hardware operation by the CPU.
Figure 7 provides an example of how the configuration registers
are set up for CSR, Bitmap and Run-Length formats using the 3 ×
3 matrix 𝑀 shown at the top of the figure. For the CSR format,
the 𝑀_𝑅𝑜𝑤𝑠_𝐵𝑎𝑠𝑒 register contains the address of the CSR_Rows
array; 𝑀_𝐶𝑜𝑙𝑠_𝐵𝑎𝑠𝑒 the address of the CSR_Cols array. With Bitmap
representation, the 𝑀_𝑅𝑜𝑤𝑠_𝐵𝑎𝑠𝑒 register contains the address of
an array that contains bit offsets at which each row’s bitvector is
stored. 𝑀_𝐶𝑜𝑙𝑠_𝐵𝑎𝑠𝑒 contains the address of the bitmap of 1s and
0s to mark non-zero/zero locations in the matrix. In Run-Length,
𝑀_𝑅𝑜𝑤𝑠_𝐵𝑎𝑠𝑒 points to an array that contains the number of runlengths in each row. 𝑀_𝐶𝑜𝑙𝑠_𝐵𝑎𝑠𝑒 points to an array describes each
run-length as a pair: (number of non-zeroes in the run, starting

column index of the run). In all formats, 𝑀_𝑉 𝑎𝑙𝑢𝑒𝑠_𝐵𝑎𝑠𝑒 contains
the address of the non-zero values array.
ExPress provides hardware support for expansion of sparse matrices. It reads sparse matrix metadata and constructs buffers that
are filled with either the non-zero values from the sparse matrix
or zeroes. For each column of each row, ExPress determines if the
corresponding value is non-zero (value present in 𝑀_𝑉 𝑎𝑙𝑢𝑒𝑠 array)
or zero using the specified matrix metadata. The CPU simply loads
values from these buffers and multiply-accumulates them into the
output vector. These buffer loads are performed via the normal
load-store interface of the CPU using addresses assigned to these
buffers. In our design, we assume a vector-wide load-store interface
for high performance applications but ExPress design can work
with scalar load-store interfaces also2 . The software uses a fixed
load address to load from. Whenever the CPU performs a load, the
𝐹 𝐸 updates its buffer state to determine when the buffer has been
completely drained by the CPU. If the 𝐹 𝐸 is designed with multiple
buffers, then upon the CPU draining one buffer, the 𝐹 𝐸 switches to
the next ready buffer. In the single-buffer design, as buffer entries
are read, these slots are filled with the next chunk of data. In this
sense, the 𝐹 𝐸 offers a streaming FIFO interface to the CPU. If the
CPU performs a load when the buffer is not ready, then the 𝐹 𝐸
stalls the load. In both the MCU and High-performance processor
integration, it is assumed that the CPU can be stalled due to a long
latency memory access.
Eliminating Wasteful Multiplications: While ExPress eliminates the software overhead of processing the metadata, it increases
the number of multiplications performed by the CPU since it supplies both non-zeroes as well as zeroes. This is wasteful especially
from an energy perspective in embedded systems. In order to mitigate this, the 𝐹 𝐸 supplies a hint in the form of a bit-vector to the
core alongside the buffer data indicating which buffer elements are
non-zero or zero. This is depicted in Figure 8. Using the bitmap
representation as example, the figure shows the 𝐹 𝐸 expanding a
chunk of data by inserting two zeroes and supplying mask bits to
the core in addition to the actual data via the buffer.
In our design, this mask-vector is supplied as a side-band signal
to the load-store interface of the CPU. The CPU uses the mask to
2 In

fact, our design works even better with scalar loads as there is less pressure on the
memory system to return a large number of values per loop iteration.
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Figure 7: Metadata Configuration for ExPress

Figure 8: ExPress operation showing mask bit-vector

The first stage of the pipeline reads the next non-zero column
index (supplied by the back-end, discussed in Section 3.3). Next,
it calculates the gap between this index and previous index. This
requires a comparator. If there is no gap, then the value of the matrix
element at this index is read (which is supplied by the back-end).
If a gap is found, then a zero value is inserted into the pipeline. In
the final fill-buffer stage, the value (either the matrix value from
memory or zero) is written to the next free slot in the output buffer.
The control unit maintains the current state of the 𝐹 𝐸 to issue
pipeline control signals. It also tracks the current read and write
positions in the buffers so that CPU read requests are serviced
in correct order. The control unit also tracks buffer empty/full
conditions so as to stall CPU load requests (when no ready buffer is
available), skip issuing new memory read requests when all buffers
are full, etc. This internal state requires a single 32-bit register inside
the control unit (active read buffer id, active write buffer id, next
read slot in read buffer, next write slot in write buffer, empty read
buffers flag, full write buffers flag).
When the pipeline is working at its maximum efficiency, a new
value is filled every cycle. This throughput is sufficient to feed a
CPU operating at the same frequency even if the CPU uses SIMD
execution with 8 element-wide vectors. We limit our analysis to a
maximum of 8 element vectors as wider data paths are area and
power-expensive and rarely implemented in low-power embedded
systems.

Figure 9: ExPress Front-End Pipeline

3.3
enable/disable operations on individual elements of the loaded data.
While this causes an idle slot in case an operation is skipped, as our
results demonstrate, ExPress simultaneously improves performance
and lowers energy by a combination of compressed storage, and
expanded, zero-skipped computations.
𝐹 𝐸 Design: The 𝐹 𝐸 is implemented with 𝑁 vector-sized buffers
where 𝑁 is a design-time parameter. 𝑁 >= 2 permits ExPress to
prefetch data and fill buffers ahead of time. 𝑁 = 2 provides doublebuffer arrangement. The 𝐹 𝐸 and 𝐵𝐸 work the memory pipeline
managed by a control unit. Figure 9 describes the design of the
ExPress front-end.

ExPress Back-End

ExPress Back-End (𝐵𝐸) fetches metadata and data for the front-end
by interpreting the sparsity format that has been programmed into
the Sparse_Format memory-mapped register. Figure 10 describes
the pipeline design of the ExPress back-end. Rather than describing
the 𝐵𝐸 design and operation for each format separately, we have
described a generic pipeline-based organization with some pipeline
stages providing format-specific functionality.
The first stage calculates the next metadata address to read from.
This address calculation depends on the format used and the current read position. For example, in the Bitmap format, the next
address is simply the next 32-bit word in the array pointed to by
M_Cols_Base register. With CSR and Run-Length formats, the next
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3.4

Figure 10: ExPress Back-End Pipeline

address depends on whether the current read position is the end of
a row: if it is, then the next address is the next entry in the array
pointed to by M_Rows_Base; if the read is in the middle of a row,
then the next address is the next entry in the array pointed to by
M_Cols_Base. The calculated address is used to issue a memory
read request in the second stage. In the third stage, the next data
value is read from memory using an offset from the address held
in M_Vals_Base. In all formats, the address generation to access
the values array is trivial: the 𝑖 𝑡ℎ access is simply to the address
𝑀_𝑉 𝑎𝑙𝑠_𝐵𝑎𝑠𝑒 + 𝑖 × 𝐸𝑙𝑒𝑚𝑒𝑛𝑡_𝑆𝑖𝑧𝑒. The control unit maintains necessary state – the current read positions into the rows, columns and
values arrays. In the fourth stage, the next non-zero column index
is calculated. The calculation performed is a function of the format
used: in CSR, the column index is explicitly read from memory
and no calculation is needed; in Run-Length, the column index is
an increment of one from the current (previous) column index in
the current run; in Bitmap, the 32-bit column metadata bitvector
is scanned for the next ’1’ bit and its bit position is converted to
column index. In the final stage, the calculated column index value
and the corresponding data value are supplied to the front-end by
writing these values to registers. The control unit generates signals
to control the pipeline movement and to stall the pipeline if memory
responses are delayed or if the next non-zero column index could
not yet be computed (this can occur in the Bitmap format - where
a string of 0s-only words may be encountered).
The 𝐵𝐸 works with the underlying memory system to issue read
requests and to collect read data. In the MCU integration, the 𝐵𝐸
issues requests to the on-chip RAM via an on-chip interconnect. In
the high-performance processor integration, the 𝐵𝐸 issues requests
to the L1D cache. If the request is an L1D miss, then the usual cache
miss processing is carried out to fetch the contents.
Depending on underlying cache hierarchy and memory organization, the 𝐵𝐸 may reorder memory requests to improve spatial
locality. In particular, on DRAM-based systems, the 𝐵𝐸 may employ techniques such as prefetching data from open row-buffers to
reduce memory access latency and improve the overall efficiency
of the memory system.

Other Considerations

Multi-core Support: ExPress is designed to work on a per-core
basis. In multi-core implementations of matrix algorithms, per-core
ExPress instances can be configured to accelerate respective cores. It
is straightforward to extend ExPress to support matrix sub-blocking
so that each per-core instance manages supplying data accessed
by one core. In a multi-core implementation, sub-block dimensions
have to be programmed into each ExPress instance (rather than the
entire matrix dimensions).
Other Compression Formats: Like most prior works, ExPress
focuses on several commonly used formats: CSR, Bitmaps and RunLength. Support for other compression formats can be integrated
into ExPress with relatively minor changes only to the step that
determines the location of the next non-zero element in a row,
column or sub-block. The rest of the architecture including the
streaming buffers and memory-side back-end remain the same.
Saving and Restoring ExPress State: The ExPress state may
be treated as part of the process state of the process that is currently
using ExPress. If the process is context-switched out, then the state
of ExPress could be saved along with the CPU state (PC, stack,
etc). ExPress state comprises the filled-but-unread buffers and the
metadata bookkeeping registers. The restoration of process state
is similar: the unread buffers and state of ExPress metadata are
restored. Once this is completed, the start-bit may be set to resume
operation.
Like the handling of floating-point state, an optimization is to
let the OS determine if ExPress is being used by the current process.
If it is not being used, then reading and saving ExPress state can be
skipped, thereby saving context-save and restore latency for such
processes.
Exceptions: ExPress is expected to be correctly configured by
the application with correct base addresses of data and metadata
arrays. Incorrect configuration can result in illegal memory accesses.
Detection and management of such exceptions is outside the scope
of ExPress and should be handled by the application core.
Cache Coherence and Buffered Data: Buffered data is not
expected to go stale. While a thread is consuming matrix data for
spMV or spMspM, it is not expected that the same or another thread
of the process modifies these values. If such a scenario did arise,
then the ExPress 𝐵𝐸 could be augmented to participate in cache
coherence. It may also be observed that ExPress does not modify
any data and therefore need not issue ownership requests.
Output Compression: At present, ExPress is designed for constructing input dense buffers for the CPU to load. The creation of
compressed outputs is performed in software. It is possible to extend ExPress such that it can take a dense buffer from the CPU (via
a vector-store to a ExPress buffer address) and suitably re-format
and write the compressed output to memory.
Support for High-Dimensional Tensors: While this work explores ExPress in the context of the 𝑠𝑝𝑀𝑉 algorithm, it is straightforward to extend the concept of expansion to cover higher dimensional data such as tensors. If the neural network algorithm
executing on the processor is operating in chunks of 3D volumes of
feature maps, then ExPress buffers should be constructed to supply
these chunks.
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Area Estimate

The area of ExPress is a sum of the logic gates of the control unit
and storage required by the 𝐹 𝐸 and the 𝐵𝐸.
𝐹 𝐸 Area: The 𝐹 𝐸 comprises CPU-side buffers (𝑁 ×32𝐵), memorymapped registers (8 × 4𝐵), internal state registers (4𝐵), pipeline
registers (8𝐵 between successive stages) and column-index & value
storage between the 𝐵𝐸 and 𝐹 𝐸 (2×4𝐵). With a single buffer (𝑁 = 1)
of size 32B, the total storage is less than 100𝐵. Coupled with a
comparator in the control unit for gap calculation, we obtained an
area estimate of 0.03 𝑚𝑚 2 using CACTI [30] with 32nm technology.
𝐵𝐸 Area: The 𝐵𝐸 comprises control unit state for read pointers
(4𝐵 each for row, column and values arrays), pipeline registers
(8𝐵 between successive stages) and logic for address generation
(adder), end-of-row comparison (comparator) and column index
computation (priority encoder & shifter). The total storage needed
is less than 50𝐵. The area estimate for the 𝐵𝐸 is 0.03 𝑚𝑚 2 .
The total area for ExPress logic and storage is an estimated 0.05
𝑚𝑚 2 . In comparison to a RISCV 32-bit 3-stage in-order core with
a vector unit with 32 32B vector registers without floating/doubleprecision support, this is less than 9% area overhead. In more sophisticated pipelined cores with floating point support, the area
overhead of ExPress is insignificant.

4

PROGRAMMING MODEL

In order to leverage ExPress, it has to be configured with matrix
metadata. This is done by programming memory-mapped registers.
These registers provide the following configuration details (to be
supplied by software):
• 𝑀_𝑁𝑢𝑚_𝑅𝑜𝑤𝑠: Number of rows of sparse matrix 𝑀.
• 𝑀_𝑁𝑢𝑚_𝐶𝑜𝑙𝑠: Number of columns of sparse matrix 𝑀.
• 𝑆𝑝𝑎𝑟𝑠𝑒_𝐹𝑜𝑟𝑚𝑎𝑡: Format in which the sparse matrix is stored
(one of CSR, Bitmap, Run-Length in our evaluation)
• 𝑀_𝑅𝑜𝑤𝑠_𝐵𝑎𝑠𝑒: Base address of metadata array that provides
aggregate information about each row.
• 𝑀_𝐶𝑜𝑙𝑠_𝐵𝑎𝑠𝑒: Base address of metadata array that provides
information about non-zero locations in each row.
• 𝑀_𝑉 𝑎𝑙𝑢𝑒𝑠_𝐵𝑎𝑠𝑒: Base address of the array holding non-zero
values of the matrix.
• Element sizes of 𝑀_𝑅𝑜𝑤𝑠, 𝑀_𝐶𝑜𝑙𝑠 and 𝑀_𝑉 𝑎𝑙𝑢𝑒𝑠 Arrays:
Quantization and pruning of ML networks leads to different
reductions – such as 16-bit values or 8-bit column indices
(in small-sized matrices or in small run-length encodings).
Thus ExPress is programmed with the sizes (in bytes) of the
elements of the various arrays that it accesses. This allows
ExPress to seamlessly support various configurations of supported sparse formats.
• 𝑆𝑡𝑎𝑟𝑡: This bit is set last to trigger the start of the hardware
operation.
Software is expected to set up these configuration registers with
the 𝑆𝑡𝑎𝑟𝑡 bit being the last one to be set.

4.1

Accessing Data Buffers In Computational
Kernels

The ExPress data buffer is memory-mapped to a fixed address. Note
that even if ExPress is implemented with multiple physical buffers

for "double buffering" operation, the CPU software accesses the
current buffer via the same address. In this sense, ExPress offers a
streaming FIFO (First-In First-Out) interface to the CPU: the CPU
software need not keep track of which buffer to read from. The
software always issues a load (or vector-load) from a fixed address.
ExPress routes this load request to the correct buffer and returns
load data.
Putting it all together, Figure 11a compares and contrasts the traditional software-based spMV with ExPress-based implementation
shown in Figure 11b. The traditional software implementation uses
the Run-length format.
For simplicity of illustration, both codes are shown as scalar
implementations while implementations may use RISCV vectors to
accelerate the kernel. It may also be noted that vectorizing the software version is non-trivial/has lower gains due to the dependence
on processing the run-length metadata before the actual multiplications can be vectorized. The code on the left is the traditional
spMV where software processes run-length metadata comprising
number of runs in each row (𝑀_𝑅𝑜𝑤𝑠), and description of each run
(𝑀_𝐶𝑜𝑙𝑠). The code outline on the right is the ExPress-accelerated
version of spMV. Relevant changes are highlighted as blue text. The
volatile pointer variable 𝐵𝑈 𝐹 𝐹 𝐸𝑅 is initialized to the address of the
ExPress buffer3 . Next, before executing the main kernel, ExPress is
initialized and started. These initialization functions (not shown for
brevity) simply perform a series of writes to ExPress configuration
registers. The main kernel of the ExPress-version looks very similar to the simple uncompressed matrix-vector algorithm. The only
change is the way that values from 𝑀 are accessed. In the ExPressversion, these values are accumulated into buffers by ExPress and
software reads them from the buffer using the 𝐵𝑈 𝐹 𝐹 𝐸𝑅 pointer4 .
It may be observed that metadata overheads have been entirely
eliminated by ExPress leading to simpler more efficient inner loops.
While the above description used the matrix-vector kernel, the same
programming model applies to other sparse-matrix based kernels
such as convolutions.

5

EXPERIMENTAL EVALUATION

We evaluate ExPress on both low-power MCUs as well as highperformance processors using DNN, and synthetic workloads executed on a 32-bit RISCV ISA using a heavily modified Spike [15]
simulator.

5.1

System Configurations

We evaluate ExPress with two different types embedded systems
configurations. Tables 2 and 3 describe the system configurations
of the low-power micro-controller and high-performance processor
respectively. Both configurations use the 32-bit RISCV [11] base
architecture along with vector (V), compressed (C), atomic (A),
multiply (M), floating (F) and double precision (D) extensions.
The micro-controller (MCU) uses an in-order three-stage pipeline
implementation. In particular, loads that do not complete in a single
cycle stall the pipeline. The vector unit is not pipelined. The memory comprises on-chip SRAM. All the code, global data, stack and
dynamically allocated data reside on SRAM. The high-performance
3 In

our experiments, we mapped the ExPress buffer to address 0𝑥𝐶000_1000.
volatile attribute ensures that each read goes to memory.

4 The
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(b) ExPress-Accelerated version of spMV

Figure 11: Comparison of spMV codes
Processor
Core

ExPress
MEM
Energy (pJ)

Values
RISCV with IMACFDV Extensions
Frequency = 200 MHz
In-order 3-stage
Vector width (VL) = 8 Elements
Element Size (SEW) = 32 bit
Vector Arithmetic Latency = 4 cycles
Buffer size = 32B
Supports CSR, Bitmap and RL formats
SRAM, 1-cycle access time
Instruction Fetch: 5
16-bit Multiplication: 5
SRAM Access: 30

Table 2: System Parameters: Low-power Micro controller

Processor
Core

ExPress
L1 D-Cache
L2 Cache
DDR

Values
RISCV32 with IMACFDV Extensions
Frequency = 2 GHz
In-order 3-stage
Vector width (VL) = 8 Elements
Element Size (SEW) = 32 bit
Vector Arithmetic Latency = 4 cycles
Buffer size = 32B
Supports CSR, Bitmap and RL formats
32KB, 4 way, 1 cycle
128KB, 8 way, 5 cycles
LPDDR4-1600
tCAS-tRCD-tRP
11-11-11
2KB row-buffer

Table 3: System Parameters: High Performance Processor
processor (HP) uses a similar core microarchitecture. Unlike the
MCU, it is backed by a cache-based memory hierarchy.

5.2

Workloads

We use several matrices corresponding to the fully connected (FC)
layers of trained DNNs, and synthetically generated matrices in
order to evaluate ExPress. The fully connected layer of DNNs performs matrix-vector multiplication before the final classification
is performed. We leveraged the quantized weights matrix of this
layer from a variety of networks: MobileNet [22], MobileNetV2 [44],
DenseNet [23], ResNet [20], ResNetV2 [21], and VGG16, & VGG19 [45].
Table 4 lists attributes of interest for these matrices. As these networks are trained to classify input images into one of a set of 1000
pre-trained classes, the number of columns for each network’s FC
layer is 1000. As we will see in Section 6, a combination of average
sparsity and average run-length greatly affect the performance of
sparse-format-based software implementations.

DNN
Size
Sparsity(%) Run-Length
DenseNet
1024 × 1000
49
11.2
MobileNetV2 1280 × 1000
11
8.9
MobileNet
1024 × 1000
30
3.3
ResNet
2048 × 1000
53
1.9
ResNetV2
2048 × 1000
34
3.9
VGG16
4096 × 1000
12
7.8
VGG19
4096 × 1000
12
7.9
Table 4: DNN Workload Sparsity Characteristics

In order to analyze the performance of our accelerator more
carefully, we generated 28 synthetic matrices comprising 4 different
sizes (64 by 64, 256 by 256, 1024 by 1024 and 4096 by 4096) and 5
different sparsity levels (10% through 70% in steps of 10%). We limit
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our attention to these configurations as they correspond to DNN
weight matrices in terms of both sizes and sparsities.

5.3

Simulation Details

We used a heavily modified version of Spike simulator [15] for our
work. Spike models the 32-bit RISCV architecture along with several extensions that we required for our work, including vectors,
compressed, atomic, multiply, floating and double-precision extensions. Further, Spike models a simple 3-stage in-order pipeline that
closely resembles the implementation of most embedded microcontrollers. For simulating the high-performance processor, we
incorporated several modifications to the baseline simulator including a detailed DRAM memory model and processor wait cycles.
We also incorporated configurable instruction latency for vector
instructions. ExPress is implemented as a detailed timing C model
integrated at the load-store interface and occupying the address
range (0𝑥𝐶0000 000, 0𝑥𝐶0002 000). It supports expanding from CSR,
Bitmap and RL compression formats in a timing-accurate manner
– each clock cycle, it uses a state machine to take suitable action
(respond to CPU read request, store memory read response into
buffer, issue next memory read request, etc). In addition, we extended Spike to support additional performance counters such as
processor wait cycles due to memory, and memory access statistics.

6

RESULTS

We first present the performance results of ExPress on the embedded MCU configuration followed by its results on embedded
high-performance processors. In terms of notation, ExPress-Bitmap
denotes ExPress working with Bitmap format, and similarly ExPressRL and ExPress-CSR.

6.1

ExPress on MCU

Figure 12 plots the performance improvement achieved by ExPress
over respective software sparse codes on DNN fully connected
layers. On average, ExPress improves performance by 43%, 11%
and 33% over Bitmap, CSR and RL-based software codes. ExPressBitmap consistently outperforms Software-Bitmap which is interesting since Bitmap is a commonly used compression format in
several accelerator-based approaches (such [27]). Programmable
software-only DNN approaches should consider this while choosing the appropriate compression format. ExPress-RL almost always
outperforms RL except in denseNet. Referring to Table 4, denseNet
has a high average run-length (11.2) which reduces the software
overheads of processing run-length metadata. This result also reveals that run-length coding has significant performance variation
that is dependent on the average run-length of the input. On resNet
which has the lowest average (1.9), ExPress-RL outperforms ExPress-Bitmap. ExPress-CSR exhibits the least gain among the three
formats. This is explained by Figure 4 which shows that CSR has
very low metadata overhead. Thus, when the sparsity is reasonably high, software-CSR performs better than ExPress-CSR since the
software version avoids redundant processing altogether. denseNet
and resNet have higher sparsity (49% and 53% respectively) and
are thus able to take advantage of the CSR formatted metadata
more effectively. However, CSR incurs higher metadata storage

overheads which become more pronounced with higher quantization (such as 8-bit). For example, at 50% sparsity in a 1024 × 1024
matrix comprising 8 − 𝑏𝑖𝑡 data, CSR requires more storage than a
fully uncompressed matrix. Thus, depending on system constraints,
one or the other format may be better suited. ExPress performs
consistently – it is able to deliver performance improvements in 18
out of 21 configurations evaluated.
Energy Savings: While ExPress uses the same underlying storage format as the respective sparse format and thus incurs the
same memory energy, it saves energy by removing instruction
execution overheads. Unlike software codes that incur cycles to decode/decompress sparse data, with ExPress, the CPU executes fewer
total instructions thereby saving energy. Figure 13 plots the energy saved by ExPress. Tracking performance improvement results
presented above, energy savings are the highest in ExPress-Bitmap
owing to the high metadata overheads of the Bitmap format (average saving of 15%(. Similarly, ExPress-CSR achieves only a modest
average improvement as Software-CSR is quite metadata-efficient.

6.2

ExPress on High-Performance Processor

Figure 14 plots the performance improvement achieved by ExPress
over traditional software sparse codes on HP cores running DNN
spMV operations. On average, ExPress performs 43%, 37% and 6%
better than traditional Bitmap, Run-length and CSR formats respectively. In general, results on HP CPUs follow similar trends as on
MCU CPUs. Software-CSR outperforms ExPress when sparsity is
higher while ExPress performs better than the other two formats
consistently.
In our design, the ExPress hardware issues memory accesses
in parallel with CPU computations, thus hiding memory access
latencies. However, since the CPU now performs uncompressed
matrix computations, it will be performing computations over all
values (even though zero values are skipped, a wasted cycle is still
incurred). The sparsity determines if the memory savings outweigh
computational overhead or not. In addition to sparsity, the size
of the matrix also determines the trade-off. At a given sparsity,
larger matrices involve more redundant computations than smaller
matrices (see Figure 15 and the discussion in section 6.3).
Thus, it is necessary to understand the sparsity of data in a given
application and the size of the data to determine if a design like our
ExPress is beneficial or not.

6.3

Analysis on Synthetic Matrices

In this section, we evaluate ExPress on several synthetic matrices
of different sizes and sparsities to understand the limits of ExPress.
Since ExPress performs computations in uncompressed format, as
sparsity increases, wasted computational cycles can outweigh the
gains achieved by metadata overhead elimination. Figure 15 shows
the performance improvement of ExPress as compared to respective software sparse formats for two matrix sizes (i.e. 64x64 and
2048x2048) at different sparsity levels. Unsurprisingly, it can be
seen that the performance benefit of ExPress drops with increase in
sparsity. As the matrix size increases, performance drops at a relatively faster rate with increase in sparsity because of the increase
in wasted cycles. It may also be observed that ExPress gains at least
20% improvement over both Software-Bitmap and Software-RL even
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Figure 12: ExPress on MCU CPUs: DNN workloads
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Figure 13: ExPress on MCU CPUs: Energy Saving
at 60% sparsity. Where storage constraints are severe (many embedded MCUs have as little as just a few KB of memory), CSR is
not a viable compression format and other formats have to be used.
At lower sparsity, CSR incurs higher metadata storage overhead
compared to the other formats since it records the absolute column
index of each non-zero value (for example, in a 1024 × 1024 matrix,
each column index requires 10 bits which may be stored in memory
using a 16 bit data type). In such scenarios, ExPress offers a viable
option to improve performance while achieving low storage.

6.4

Compute-Memory Overlap

ExPress improves compute–memory overlap by issuing memory
requests in parallel to CPU computations. By provisioning more

than one buffer, it is possible to improve this overlap further and
hide memory wait cycles. With 𝑁 = 2 buffers, we noticed 1 − −2%
performance improvement over the single-buffer configuration. In
our experiments, as the core performs scalar operations, a single
buffer is largely sufficient to meet the load bandwidth of the CPU.
However, we expect higher gains when ExPress is deployed in
multi-core or vectorized systems where the processing elements
can consume several data elements per cycle and thus multiple
buffers can be beneficial.
ExPress offers another benefit: vectorization. By rendering uncompressed matrices, it becomes trivially easy to vectorize matrix
kernels unlike kernels that are based on compressed formats. We
implemented a vectorized version of ExPress-CSR and compared
its performance improvement over vectorized-software-CSR. For
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Figure 14: ExPress on HP CPUs: DNN workloads
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Figure 15: ExPress Sensitivity to Matrix Size and Sparsity
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performance by 56% (in contrast, scalar ExPress-CSR improved performance by only 17% over scalar-software-CSR). It can be seen in
Figure 16 that the vectorized version of DNN workloads has similar
performance improvements as scalar counterparts.
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Figure 16: ExPress on Vectorized HP CPUs: DNN workloads

a 2048 × 2048 matrix with 30% sparsity, ExPress-CSR improved

RELATED WORKS

Accelerating spMV operations has received attention from both
the hardware and software communities. On the hardware side,
works propose hardware acceleration of the entire computation:
some of these works include a CAM-based accelerator [48], and
accelerator for very large spMV [43]. The work in [43] proposes
a Two-Step spMV algorithm and a memory-based accelerator to
accelerate such computations on very large, very sparse graphs.
Our work is different: we aim to solve the memory latency problem
faced by embedded system-based matrix codes. Unlike works that
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aim to move the entire computation to a dedicated accelerator, our
goal is simply to reduce the decompression bottleneck faced by
software codes running on traditional cores.
Interest in DNN based accelerators have seen a rise in recent
years. There are too many different hardware/software implementations to include here. Many are based on specialized accelerators
based on either dataflow or tensor/systolic arrays. Many of these
systems lack flexibility or reconfigurability. A recent paper [40]
focuses on support for flexible sparse matrix and vector multiplications. Sparse data is represented as bit-vectors and dataflow like
Multiply-Accumulate units are configured based on the nonzero values in data. Authors of [34] propose a programmable accelerator to
optimize the execution for new and emerging ML applications. The
accelerator (VTA) is viewed as a fetch-load-compute-store pipeline
to dispatch instructions to load (obtain input, weights and bias
tensors from DRAM), compute (GEMM operations) or store (store
results of compute in DRAM). Our interest is in the use of general
purpose RISC-like processing units with minimal extensions to the
ISA and hardware complexity.
There are several works that attempt to improve the performance
of sparse matrices for scientific applications. Authors of [5] proposed a parallel sparse matrix algorithm based on SUMMA used
in BLAS library and parallelized the sparse matrix multiplication,
while we used ExPress to expand low-sparsity matrices to remove
the metadata burden from CPU codes. Greathouse [17] proposed
an algorithm, CSR-Stream to compute sparse matrix-vector multiplication for smaller rows and CSR-Adaptive algorithm to choose
CSR-Stream instead traditional CSR compared to expansion from
COO format and parallelizing dense matrix workloads. In [1], authors proposed a parallel Sparse Matrix-Sparse vector (SpMSpV)
algorithm that stores the product of Sparse matrix-vector based on
the row indices and later accumulates it, all by using buckets.
There have been many studies on near-data processing ProcessingIn-Memory logic. More recent works focused on migrating computations to PIM. Some older reports proposed migrating memory
intensive operations closer to memory including memory allocation
and garbage collection functions (see for example [9, 42, 47]). In one
interesting work, the authors propose creating memory gestures
(or macros) for some common operations involved in traversing
linked lists and avoid bringing intermediate nodes into processor
caches [12].
There are several studies on data prefetching. In [13], prefetching is based on calculating the stride from previous accesses and
prefetching is limited to tracking the stride for one data structure.
Streambuffers [26] prefetch sequential streams of cache lines even
if the fetched data is not utilized, while our work prefetches only
useful data elements and supplies them to processing elements.
Markov prefetching [25] supports correlation-based prefetching
by storing the history of missed address streams. Based on the
history of previous miss patterns, future misses are predicted and
prefetched. This method does not maintain any knowledge about
specific data structure strides or keep track of multiple structures
simultaneously. In [24], authors prefetched data based on distance
prefetching from slower memory into on-chip buffer in a heterogeneous memory architecture (consisting of faster 3D DRAMs and
slower non-volatile devices such as PCM). The distance is measured
in terms reuse distance. The authors propose to prefetch heavily
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used pages from slower non-volatile memories into faster DRAM
based memories. This is in lieu of migrating pages completely into
faster memories.
In a different vein, there have been proposals on improving
compression of sparse matrices and proposed techniques include
CSR5 [31], hierarchical bit vectors [27], compression on top of
CSR [41], hierarchical coordinate format [29] and the structured
2-4 format [35]. Some proposed specialized hardware to compress
and decompress data for use by CPU (assuming that the CPU uses
conventional spMV software, relying on CSR formats) [41]. Our
work could be leveraged on top of these other formats in order to
offer both storage benefits as well as compute efficiency.
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CONCLUSIONS

Matrix-Vector multiplication is inherent in many scientific, graph
analytics, machine learning and deep Neural network applications.
In many cases, the matrices are sparse, although the sparsity levels (the fraction of data that are zeros) varies. There have been
many different ways of representing the sparse matrices to save the
storage needed for the data, including Compressed Sparse Rows
(CSR), Bitmap, Run-Length encoding and hierarchical representations. While these representations lead to storage savings, they can
lead to computational overheads since it is necessary to identify
the location of rows and columns of non-zero elements of the matrix and match the corresponding vector elements needed for the
computations. This led us to investigate answers to two questions:
(1) is it better to represent matrices in dense format to improve
computational efficiency, even if this leads storage overheads, and
at what sparsity levels this approach is desirable, and (2) even if
matrices are represented using a sparse representation, is it better
to expand them internally to dense representations before computation proceeds, and at what sparsity levels is this approach desirable.
In response to the first question, we have shown that dense representations are viable at certain sparsity levels and the sparsity
level depends on the size of the matrix. For example for 1024×1024
matrices dense representation outperforms CSR-based algorithms
for matrices with up to 40% sparsity. To answer the second question,
we designed a special hardware called ExPress that expands sparse
data into dense data so that the CPU performs dense Matrix-Vector
computations. We find that our approach outperforms CSR-based
algorithms for matrices with 40% sparsity or less, and outperforms
Bitmap based algorithms for matrices with 70% sparsity or less. In
addition to performance gains, ExPress also leads to energy savings
for matrices with low to moderate sparsities, as is the case with
many Deep Neural Network workloads. Further, ExPress simplifies
the programming model enabling vectorization and unrolling optimizations. As future work, we are considering hardware support for
supplying only non-zero index-aligned values of matrix rows and
vector instead of expanding sparse matrices at higher sparsities.

9

ACKNOWLEDGEMENTS

This research is supported in part by the Semiconductor Research
Corporation (SRC) under SRC AIHW Task 2943. The research is
also supported in part by NSF award #1828105.

MEMSYS 2020, September 28-October 1, 2020, Washington, DC, USA

Shashank Adavally, Nagendra Gulur, Krishna Kavi, Alex Weaver, Pranoy Dutta, and Benjamin Wang

REFERENCES
[1] Ariful Azad and Aydin Buluç. 2017. A Work-Efficient Parallel Sparse MatrixSparse Vector Multiplication Algorithm. In 2017 IEEE International Parallel and
Distributed Processing Symposium, IPDPS 2017, Orlando, FL, USA, May 29 - June 2,
2017. IEEE Computer Society, 688–697. https://doi.org/10.1109/IPDPS.2017.76
[2] Nathan Bell and Michael Garland. 2009. Implementing sparse matrix-vector multiplication on throughput-oriented processors. In Proceedings of the ACM/IEEE
Conference on High Performance Computing, SC 2009, November 14-20, 2009, Portland, Oregon, USA. ACM. https://doi.org/10.1145/1654059.1654078
[3] Aydin Buluç, Jeremy T. Fineman, Matteo Frigo, John R. Gilbert, and Charles E. Leiserson. 2009. Parallel sparse matrix-vector and matrix-transpose-vector multiplication using compressed sparse blocks. In SPAA 2009: Proceedings of the 21st Annual
ACM Symposium on Parallelism in Algorithms and Architectures, Calgary, Alberta, Canada, August 11-13, 2009, Friedhelm Meyer auf der Heide and Michael A.
Bender (Eds.). ACM, 233–244. https://doi.org/10.1145/1583991.1584053
[4] Aydin Buluç, Samuel Williams, Leonid Oliker, and James Demmel. 2011. ReducedBandwidth Multithreaded Algorithms for Sparse Matrix-Vector Multiplication. In
25th IEEE International Symposium on Parallel and Distributed Processing, IPDPS
2011, Anchorage, Alaska, USA, 16-20 May, 2011 - Conference Proceedings. IEEE,
721–733. https://doi.org/10.1109/IPDPS.2011.73
[5] Aydin Buluç and John R. Gilbert. 2012. Parallel Sparse Matrix-Matrix Multiplication and Indexing: Implementation and Experiments. SIAM J. Scientific
Computing 34 (2012).
[6] Lukas Cavigelli, Georg Rutishauser, and Luca Benini. 2019. EBPC: Extended BitPlane Compression for Deep Neural Network Inference and Training Accelerators.
IEEE Journal on Emerging and Selected Topics in Circuits and Systems PP (10 2019),
1–1. https://doi.org/10.1109/JETCAS.2019.2950093
[7] Lukas Cavigelli, Georg Rutishauser, and Luca Benini. 2019. EBPC: Extended BitPlane Compression for Deep Neural Network Inference and Training Accelerators.
IEEE J. Emerg. Sel. Topics Circuits Syst. 9, 4 (2019), 723–734. https://doi.org/10.
1109/JETCAS.2019.2950093
[8] Aakanksha Chowdhery, Pete Warden, Jonathon Shlens, Andrew Howard, and
Rocky Rhodes. 2019. Visual Wake Words Dataset. CoRR abs/1906.05721 (2019).
arXiv:1906.05721 http://arxiv.org/abs/1906.05721
[9] S. Donahue, M.P. Hampton, R. Cytron, M. Franklin, and K.M. Kavi. 2002. Hardware
support for fast and bounded time storage allocation. (May 2002).
[10] Aiyoub Farzaneh, Hossein Kheiri, and Mehdi Abbaspour. 2009. An efficient
storage format for large sparse matrices. Communications de la Faculté des
Sciences de l’Université d’Ankara. Séries A1: Mathematics and Statistics 58 (01 2009).
https://doi.org/10.1501/Commua1_0000000648
[11] RISCV Foundation. 2020. RISC-V: The Free and Open RISC Instruction Set
Architecture. (2020). https://riscv.org
[12] L.M. Fox, C.R. Hill, R.K. Cytron, and K.M. Kavi. 2003. Optimization of storagereferencing gestures. (Oct. 29 2003).
[13] John W. C. Fu, Janak H. Patel, and Bob L. Janssens. 1992. Stride Directed Prefetching in Scalar Processors. In Proceedings of the 25th Annual International Symposium on Microarchitecture (Portland, Oregon, USA) (MICRO 25). IEEE Computer
Society Press, Los Alamitos, CA, USA, 102–110. http://dl.acm.org/citation.cfm?
id=144953.145006
[14] Ross B. Girshick. 2015. Fast R-CNN. In 2015 IEEE International Conference on
Computer Vision, ICCV 2015, Santiago, Chile, December 7-13, 2015. IEEE Computer
Society, 1440–1448. https://doi.org/10.1109/ICCV.2015.169
[15] Abraham Gonzalez. 2019. The RISC-V ISA Simulator. (2019). https://chipyard.
readthedocs.io/en/latest/Software/Spike.html
[16] Alex Graves and Jürgen Schmidhuber. 2005. Framewise phoneme classification
with bidirectional LSTM and other neural network architectures. Neural Networks
18, 5-6 (2005), 602–610. https://doi.org/10.1016/j.neunet.2005.06.042
[17] Joseph L. Greathouse and Mayank Daga. 2014. Efficient Sparse Matrix-vector
Multiplication on GPUs Using the CSR Storage Format. In Proceedings of the
International Conference for High Performance Computing, Networking, Storage
and Analysis (New Orleans, Louisana) (SC ’14). IEEE Press, Piscataway, NJ, USA,
769–780. https://doi.org/10.1109/SC.2014.68
[18] Song Han, Xingyu Liu, Huizi Mao, Jing Pu, Ardavan Pedram, Mark Horowitz,
and Bill Dally. 2016. Deep compression and EIE: Efficient inference engine on
compressed deep neural network. In 2016 IEEE Hot Chips 28 Symposium (HCS),
Cupertino, CA, USA, August 21-23, 2016. IEEE, 1–6. https://doi.org/10.1109/
HOTCHIPS.2016.7936226
[19] Song Han, Huizi Mao, and William J. Dally. 2016. Deep Compression: Compressing Deep Neural Network with Pruning, Trained Quantization and Huffman
Coding. In 4th International Conference on Learning Representations, ICLR 2016,
San Juan, Puerto Rico, May 2-4, 2016, Conference Track Proceedings, Yoshua Bengio
and Yann LeCun (Eds.). http://arxiv.org/abs/1510.00149
[20] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. 2015. Deep Residual
Learning for Image Recognition. CoRR abs/1512.03385 (2015). arXiv:1512.03385
http://arxiv.org/abs/1512.03385
[21] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. 2016. Identity Mappings in Deep Residual Networks. CoRR abs/1603.05027 (2016). arXiv:1603.05027

http://arxiv.org/abs/1603.05027
[22] Andrew G. Howard, Menglong Zhu, Bo Chen, Dmitry Kalenichenko, Weijun
Wang, Tobias Weyand, Marco Andreetto, and Hartwig Adam. 2017. MobileNets:
Efficient Convolutional Neural Networks for Mobile Vision Applications. CoRR
abs/1704.04861 (2017). arXiv:1704.04861 http://arxiv.org/abs/1704.04861
[23] Gao Huang, Zhuang Liu, and Kilian Q. Weinberger. 2016. Densely Connected
Convolutional Networks. CoRR abs/1608.06993 (2016). arXiv:1608.06993 http:
//arxiv.org/abs/1608.06993
[24] Mahzabeen Islam, Soumik Banerjee, Mitesh Meswani, and Krishna Kavi. 2016.
Prefetching As a Potentially Effective Technique for Hybrid Memory Optimization. In Proceedings of the Second International Symposium on Memory Systems (Alexandria, VA, USA) (MEMSYS ’16). ACM, New York, NY, USA, 220–231.
https://doi.org/10.1145/2989081.2989129
[25] D. Joseph and D. Grunwald. 1999. Prefetching using Markov predictors. IEEE
Trans. Comput. 48, 2 (Feb 1999), 121–133. https://doi.org/10.1109/12.752653
[26] N. P. Jouppi. 1990. Improving direct-mapped cache performance by the addition
of a small fully-associative cache and prefetch buffers. In [1990] Proceedings.
The 17th Annual International Symposium on Computer Architecture. 364–373.
https://doi.org/10.1109/ISCA.1990.134547
[27] Konstantinos Kanellopoulos, Nandita Vijaykumar, Christina Giannoula, Roknoddin Azizi, Skanda Koppula, Nika Mansouri-Ghiasi, Taha Shahroodi, Juan GómezLuna, and Onur Mutlu. 2019. SMASH: Co-designing Software Compression
and Hardware-Accelerated Indexing for Efficient Sparse Matrix Operations. In
Proceedings of the 52nd Annual IEEE/ACM International Symposium on Microarchitecture, MICRO 2019, Columbus, OH, USA, October 12-16, 2019. ACM, 600–614.
https://doi.org/10.1145/3352460.3358286
[28] Andrej Karpathy and Li Fei-Fei. 2017. Deep Visual-Semantic Alignments for
Generating Image Descriptions. IEEE Trans. Pattern Anal. Mach. Intell. 39, 4 (2017),
664–676. https://doi.org/10.1109/TPAMI.2016.2598339
[29] Jiajia Li, Jimeng Sun, and Richard W. Vuduc. 2018. HiCOO: hierarchical storage of
sparse tensors. In Proceedings of the International Conference for High Performance
Computing, Networking, Storage, and Analysis, SC 2018, Dallas, TX, USA, November
11-16, 2018. IEEE / ACM, 19:1–19:15. http://dl.acm.org/citation.cfm?id=3291682
[30] Sheng Li, Ke Chen, Jung Ho Ahn, Jay B. Brockman, and Norman P. Jouppi. 2011.
CACTI-P: Architecture-level modeling for SRAM-based structures with advanced
leakage reduction techniques. In 2011 IEEE/ACM International Conference on
Computer-Aided Design, ICCAD 2011, San Jose, California, USA, November 7-10,
2011, Joel R. Phillips, Alan J. Hu, and Helmut Graeb (Eds.). IEEE Computer Society,
694–701. https://doi.org/10.1109/ICCAD.2011.6105405
[31] Weifeng Liu and Brian Vinter. 2015. CSR5: An Efficient Storage Format for CrossPlatform Sparse Matrix-Vector Multiplication. In Proceedings of the 29th ACM on
International Conference on Supercomputing, ICS’15, Newport Beach/Irvine, CA,
USA, June 08 - 11, 2015, Laxmi N. Bhuyan, Fred Chong, and Vivek Sarkar (Eds.).
ACM, 339–350. https://doi.org/10.1145/2751205.2751209
[32] Mostafa Mahmoud, Kevin Siu, and Andreas Moshovos. 2018. Diffy: a Déjà vu-Free
Differential Deep Neural Network Accelerator. In 51st Annual IEEE/ACM International Symposium on Microarchitecture, MICRO 2018, Fukuoka, Japan, October
20-24, 2018. IEEE Computer Society, 134–147. https://doi.org/10.1109/MICRO.
2018.00020
[33] Tomas Mikolov, Martin Karafiát, Lukás Burget, Jan Cernocký, and Sanjeev
Khudanpur. 2010. Recurrent neural network based language model. In INTERSPEECH 2010, 11th Annual Conference of the International Speech Communication Association, Makuhari, Chiba, Japan, September 26-30, 2010, Takao
Kobayashi, Keikichi Hirose, and Satoshi Nakamura (Eds.). ISCA, 1045–1048.
http://www.isca-speech.org/archive/interspeech_2010/i10_1045.html
[34] T. Moreau, T. chen, L. Vega, J. Roesch, E. yan, L. Zheng, J. Fromm, Z. Jiang, L.
Ceze, C. Guestrin, and A. Krishnamurthy. 2019. A hardware-software blueprint
for flexible deep learning specialization. IEEE Micro (Sept/Oct 2019). https:
//doi.org/10.1109/MM.2019.2928962
[35] NVIDIA. 2019. NVIDIA Ampere Architecture In-Depth. (2019). https://developer.
nvidia.com/blog/nvidia-ampere-architecture-in-depth/
[36] NXP. 2019. Microprocesssors and Microcontrollers. (2019). https://www.st.com/
en/microcontrollers-microprocessors.html
[37] NXP. 2019. NXP Microcontrollers Overview. (2019). https://www.nxp.com/
docs/en/supporting-information/BL-Micro-NXP-Microcontroller-OverviewJames-Huang.pdf
[38] A. Parashar, M. Rhu, A. Mukkara, A. Puglielli, R. Venkatesan, B. Khailany, J. Emer,
S. W. Keckler, and W. J. Dally. 2017. SCNN: An accelerator for compressed-sparse
convolutional neural networks. In 2017 ACM/IEEE 44th Annual International
Symposium on Computer Architecture (ISCA). 27–40.
[39] Angshuman Parashar, Minsoo Rhu, Anurag Mukkara, Antonio Puglielli, Rangharajan Venkatesan, Brucek Khailany, Joel S. Emer, Stephen W. Keckler, and
William J. Dally. 2017. SCNN: An Accelerator for Compressed-sparse Convolutional Neural Networks. In Proceedings of the 44th Annual International Symposium
on Computer Architecture, ISCA 2017, Toronto, ON, Canada, June 24-28, 2017. ACM,
27–40. https://doi.org/10.1145/3079856.3080254
[40] E. Qin, A. Samajdar, H. Kwon, S. Srinivasan, D. Das, B. Kaul, and T. Krishna. 2020.
SIGMA: A sparse and irregular GEMM accelerator with flexible interconnects

ExPress: Storage, Execution and Energy Efficiency for Sparse Matrices

for DNN training. (Feb 2020).
[41] Arjun Rawal, Yuanwei Fang, and Andrew A. Chien. 2019. Programmable Acceleration for Sparse Matrices in a Data-Movement Limited World. In IEEE International
Parallel and Distributed Processing Symposium Workshops, IPDPSW 2019, Rio de
Janeiro, Brazil, May 20-24, 2019. IEEE, 47–56. https://doi.org/10.1109/IPDPSW.
2019.00016
[42] M. Rezaei and K. Kavi. 2006. Intelligent memory manager: Reducing cache
pollution due to memory management functions. Elsevier Journal of Systems
Architecture 52, 2 (Jan 2006), 207–219.
[43] Fazle Sadi, Joe Sweeney, Tze Meng Low, James C. Hoe, Larry T. Pileggi, and Franz
Franchetti. 2019. Efficient SpMV Operation for Large and Highly Sparse Matrices
using Scalable Multi-way Merge Parallelization. In Proceedings of the 52nd Annual
IEEE/ACM International Symposium on Microarchitecture, MICRO 2019, Columbus,
OH, USA, October 12-16, 2019. ACM, 347–358. https://doi.org/10.1145/3352460.
3358330
[44] Mark Sandler, Andrew G. Howard, Menglong Zhu, Andrey Zhmoginov, and
Liang-Chieh Chen. 2018. Inverted Residuals and Linear Bottlenecks: Mobile

MEMSYS 2020, September 28-October 1, 2020, Washington, DC, USA

[45]

[46]

[47]
[48]

[49]

Networks for Classification, Detection and Segmentation. CoRR abs/1801.04381
(2018). arXiv:1801.04381 http://arxiv.org/abs/1801.04381
Karen Simonyan and Andrew Zisserman. 2015. Very Deep Convolutional Networks for Large-Scale Image Recognition. In 3rd International Conference on Learning Representations, ICLR 2015, San Diego, CA, USA, May 7-9, 2015, Conference Track
Proceedings, Yoshua Bengio and Yann LeCun (Eds.). http://arxiv.org/abs/1409.1556
TI. 2019. MSP432P401R, MSP432P401M SimpleLink Mixed-Signal Microcontrollers. (2019). http://www.ti.com/lit/ds/symlink/msp432p401r.pdf?ts=
1587791677379
W.Li, S. Mohanty, and K. Kavi. 2006. Page-based software-hardware co-design of
a dynamic memory allocator. IEEE Computer Architecture Letters 5 (July 2006).
Leonid Yavits and Ran Ginosar. 2017. Sparse Matrix Multiplication on CAM
Based Accelerator. CoRR abs/1705.09937 (2017). arXiv:1705.09937 http://arxiv.
org/abs/1705.09937
Yundong Zhang, Naveen Suda, Liangzhen Lai, and Vikas Chandra. 2017. Hello
Edge: Keyword Spotting on Microcontrollers. CoRR abs/1711.07128 (2017).
arXiv:1711.07128 http://arxiv.org/abs/1711.07128

