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Abstract. We seek answers to the following: (i) at what sparsity levels
is it worth eliminating compressed representation of matrices and use
dense 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 achieve high degree of parallelism. In
this paper we explore the second question using a specialized load/store
unit (LSU). Our LSU expands sparse matrices into dense matrices by
filling rows (or columns) with zeros as needed, allowing for high degrees
of parallelism (such as SIMD). The computational elements use dense
matrix algorithms and perform no index computations. We explore the
solution within the context of Processing-in-Memory (PIM) where several simple processing elements are included within the logic layer of a
3D-stacked memory. Our studies shows more than 30 percent speedup
in performance and 80 percent power savings for sparse matrix multiplication over a baseline consisting of conventional multicore CPUs using
sparse matrix programs and these gains are possible when the number
of non-zero elements is greater than 30 percent (or sparsity less than 70
percent).
Keywords: Sparse Matrices, SIMD parallelism, Processing-In-Memory,
3D-stacked Memories, prefetching, Load/Store Unit
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Introduction

Sparse matrices appear in a wide-ranging applications including scientific, graph
analytics and deep neural networks. Even though most of the scientific computations involve very sparse matrices (that is, very few non-zero elements), there
is evidence that the percent of non-zero elements in some applications can be
30% or higher [1]. In some deep learning algorithms (such as those based on
CNN networks), sparsity (number of zero elements) varies from layer to layer,
ranging from very low (that is, more dense with 70% non-zero elements or more)
to very high sparsities (less than 30% non-zeros) [21]. Sparse matrices are represented using Coordinate (COO) or Compressed Sparse Row (CSR) formats.
These structures only store non-zero values (and location of these non-zero values) to save memory space. Sparse matrix algorithms (for example multiplication) are more difficult to parallelize and are not as scalable as dense matrix
algorithms[5] because of the computations need to locate the indexes of nonzero elements and uneven load balancing. We want to explore if and when it is
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it worthwhile sacrificing memory space in order to achieve higher computational
performance (and parallelism). One can either store data as dense matrices (with
zero and non-zero values), or internally expand sparse representations into dense
data.
We investigate this issue within the context of Processing-in-Memory (PIM)
where several simple processing elements are included within the logic layer of
a 3D-stacked memory [19], [23], [20], [18], [2], [22]). 3D-stacked DRAMs are
becoming widely available to meet the ever increasing demands for memory
bandwidths. But previous PIM processing elements still fetched one item (say
32 to 64 bits) at a time and did not fully utilize large amounts of data available in
the row buffer of 3D-DRAMs (typically 2KBytes or 4KBytes). If cache memories
are used, 64-byte data is fetched on each request. We propose a load/store unit
(LSU) that fully exploits the row buffer sizes to “prefetch” data regardless how
data elements are distributed within the row buffer. LSU relies on meta-data
provided, which describes the nature of data structures involved (for example,
the CSR structures). While our approach is similar to other prefetching, we
go beyond traditional sequential or strided prefetches. The prefetched data is
buffered with PIM processing elements and the computing elements consume
the contiguous data, avoiding index computations. Our LSU expands sparse
matrices into dense matrices by filling rows (or columns) with zeros as needed
by relying on the CSR or COO format provided to LSU as meta data. This
permits easy parallel execution of matrix algorithms since individual processing
elements do not perform CSR (or COO) based index computations, thus tradingoff memory space with computational complexity. Dense matrix algorithms can
easily be parallelized and that is the case with dense matrices resulting from
our expanded sparse matrices. This approach is likely to be beneficial when the
percentage of non-zero elements is moderately large (more than 30 percent, or
70% sparsity). In general, our Load Store Unit (LSU) gains performance partly
from prefetching data for computing elements, and partly from parallelism in the
compute elements. In this paper we evaluate the benefits of LSU in the context
of PIM based accelerators.
The rest of the paper is organized as follows. Our system architecture is
discussed in Section 2. Section 3 explains our methodology. We explain our
simulation procedure in Section 3.2. In Section 4, we present results and analysis
of our experiments. Section 5 provides the overview of research related to this
work. Finally, Section 6 contains conclusion and potential extension of this work.
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System Architecture

Figure 1 shows the overall architecture of a PIM based system that forms the
basis for our work here. The expanded view of the logic layer which contains
processing elements and our load/store unit (LSU) is shown in figure 1c. LSU is
comprised of 5 units.
1. Adder: Adder is used to calculate the next address of the element requested
by incrementing previous address with the stride and data element size.
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2. Address Structure: All the addresses of one (or more) element requests
which are currently being processed are stored in this unit. Addresses which are
calculated by the adder will be stored in this unit at its memory request index
(which is based on its actual address). This is based on the meta data (more
information will be given in later sections) regarding the data structure being
used.
3. Request queue: A request, which is comprised of multiple addresses of one
or more data structures will be created and stored in the request queue. The
process of a request handling will be explained in a later subsection 2.2 and is
similar to memory coalescing in GPUs. This queue will be cleared in FIFO order.
4. LSU Buffer: Data which is received from memory (DDR or 3D DRAM) will
be stored in LSU buffer with a tag (tag is created by appending array-requestnumber, index from the address structure). After the tag creation, related information of this address is erased from address structure unit.
5. Sequencer: Based on the dependencies (which instruction requires this data
element), this unit orders data elements and transfers the data to CPU buffer. We
use multiple sequencers for Sparse matrix multiplication as shown in figure 1 to
compensate for the delay in processing elements, particularly for sparse matrices.
The sequencers store non-zero elements along with zeros creating dense rows and
columns.
PIM core block comprises of 2 units.
1. PIM Buffer: Data from LSU is copied into PIM core buffer with tags as
explained above.
2. PIM Core: This is a very simple in-order processing unit with necessary
functional units as ALUs (or specialized array of Multiply-Accumulate or FusedMultiply-ADD units). Delays used in our simulations for arithmetic operations
are inherited from gem5 [4].
2.1

Programming model

Our architecture will require the user to rewrite sparse matrix algorithms to provide the metadata to LSU unit, specify the number of PIM cores to use and other
information such as if and how the matrices are blocked/tiled. The metadata is
somewhat similar to Gather and Scatter instructions for vector processors. For
example, some vector processors include such instructions as vector strided load
and vector indexed load [9]. These can be extended to include instructions like
vector COO load by providing pointers to the COO representation of a matrix.
PIM cores are simple in-order elements and they can be programmed to perform
computations using PIM Instruction Set Architecture. The LSU unit along with
PIM cores will rely on parallelism (SIMD) to process the matrix computations as
if the data is dense (Figure 1). We assume that the host CPU will set aside buffer
space to receive the results from the LSU system. Our LSU system can convert
the results into sparse representations (as such CSR) before sending them to the
host. Based such a programming model, the host processor will communicate
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Fig. 1: SMM Architecture

Fig. 2: Modified Address register [12]

Latency type
Description
tBL
Burst Length
tRTP
Read To Precharge
tRAS
Row Access Strobe
tRCD
Row to column Delay
tCCD
Column-to-Column Delay
tCAS
Column Access Delay
tWR
Write to sense amplifiers
tCWD
Column write delay
Table 1: DRAM Latency description [12]

with LSU and PIM cores (or a controller that manages the PIM cores) to initiate the computations. This approach is similar to GPU (or other accelerator)
programming.
2.2

LSU interface with Memory

A memory request packet contains request for multiple data elements. A request
is created by the address structure module in LSU, by including all data elements’
addresses for one (or multiple) main request(s) that fall to the same row buffer
of a memory bank, rank and channel. Memory Controller (MC) contains queues
with nested entries to store memory requests in the index node or first column
node and actual addresses in its corresponding index nested nodes.
To implement LSU features, we discuss minor modifications to the DRAM. As
shown in Figure 2, address register has multiple entries, representing all the data
items comprising non-zero elements of one DRAM row (compared to traditional
systems that process one request at a time). Once a DRAM is activated, the
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column-addresses from each entry of the address register will be directed to
column decoder and the selected data element is pushed onto the bus. While
the first data element is being pushed onto bus, the second element (at next
column-address) will be decoded from the row buffer. This way, data transfer
is pipelined, saving “tRAS” cycles by fetching multiple data elements, “tCCD”
cycles by pipelining. In case of PIM implementation of our LSU, there is no
reason to transfer columns of data one at a time on the bus since LSU can directly
access the entire row buffer. Table 1 describes basic DRAM timing parameters.
For our implementation, we use the following timings for accessing data.
1. Read and Precharge row [12]:
Original Latency to read one cache line and close row: tRTP + tBL - tCCD
Modified latency to read “n” data elements and precharge: tRTP + (n x
(tBURST - tCCD)), if tBURST != tCCD [n is the number of elements that are
needed from that row]
(or)
Modified Latency: tRTP + tCCD + (n x tBURST), if tBURST = tCCD [n
is the number of elements that are needed from that row]
2. Multiple Reads:
Regular latency to read one cache line: tCAS + tCCD
Modified latency to read “n” data elements: tCAS + (n x (tCCD)) tBURST
is pipelined
3. Multiple Writes:
Regular latency to write one cache line: tCWD + tBURST + tWR
Modified latency to write “n” data elements: tCWD + ( n x (tBURST +
tWR))
4. Write and Precharge row:
Regular latency to write and precharge: tCWD + tBURST + tWR + tRTP
Modified latency to write “n” data elements and precharge: tCWD + ( n x
(tBURST + tWR))
Since the combined latency is greater than RAS, no need to add precharge
latency

3

Methodolody

In this section we will explain how we expand sparse matrices (using COO representation) into dense matrices so that the (PIM) cores can behave like SIMD
and process computations in parallel.
3.1

Sparse Matrix Multiplication

There have been other approaches for improving performance of sparse matrix
algorithms including changes to data representation, load balancing among parallel threads and GPU threads [8]. Our approach is different: we expand sparse
matrices into dense matrices by filling rows and columns with zeros as needed,
thus trading off space with ease of parallelization. The performance gains are
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Fig. 3: SMM Expansion

due to the elimination of index computations by individual compute elements
and the prefetching of data by the LSU. To minimize the size of buffers and sequencers, we expand a fixed number of rows and columns at a time and pass the
data to compute elements. We can also rely on tiling or blocking of matrices to
limit the size of the buffers. Figure 3a, shows an example where sparse matrices
A, B are shown in Coordinate representation (COO).
Rows highlighted in green color of matrix A will be expanded along with
the green colored column of matrix B. Figure 3b shows the expanded row-0 of
matrix A and column-0 matrix B. LSU continues this process by expanding one
row and one column at a time and copies the data into PIM buffers. A PIM core
can start the inner-product computation when its buffer is loaded with data. At
the same time, the LSU expands row-1 of matrix A and column-0 of matrix B and
copies them to the next available PIM core. In this manner, the sparse matrix
multiplication takes advantage of multicore parallelism and overlapping data
fetch and data expansion with computations performed by PIM cores. Detailed
explanation will be given in later sections.
Figure 4 shows the flow of operations for the example. Initially, matrices
in sparse format are fetched with the help of metadata to LSU memory (or
buffers), where they are expanded to dense format using the sequencers (In the
figure we show 2 sequencers). The data from sequencers is transferred to PIM
buffers for processing by the PIM cores. PIM cores (or arrays of specialized
Fused-Multiply Add (FMA) units) perform computations and the final result is
sent back to the LSU memory. We assume that these processing elements can
skip the computation if one or both inputs are zeros. LSU converts results back
to sparse format and stores them in (host) memory. The LSU and PIM cores use
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Fig. 4: Methodology

synchronizing flags that indicate when expanded data in sequencers is available
for processing (see Figure 4).
Although in this paper, we place our LSU architecture in a PIM-like context,
our LSU can be used as an accelerator integrated on a multi-core processors
die. The only difference is that in a PIM context, LSU unit benefits from direct
access to DRAM row buffers and in an accelerator context, LSU unit will have
to rely on a narrow communication channel with DRAM memory.
3.2

Simulation

To evaluate the potential performance gains of our LSU architecture, we used
Ramulator [15]. We used randomly generated sparse matrices with varying sizes
and number of non-zero elements (or sparsities). The baseline processor configuration (based on X86) used for comaprisions is shown in Table 2. We chose Intel
MKL Sparse Matrix multiplication routine [10] for comparing our approach. Using Intel PIN tool[17], we captured memory traces with randomly generated
input matrices. We processed these traces through the simulator configured to
implement the base configuration. To simulate our LSU system, we modified Ramulator, implementing the new memory and compute instructions for the LSU
and CPU cores using new timings as described previously in Section 2. We used
McPAT [16] to obtain power ratings and silicon area needed for our architecture.
Our area and power analyses include all components of our LSU unit (including
PIM cores and buffers). The LSU configurations used in our work are shown in
table 3. The LSU requires large amounts of memory to buffer non-zero elements
and then expand them into dense rows and columns. However, our PIM cores

8

No Author Given

Specification
Values
Baseline Core 128-entry instruction window,
type
4 wide issue
Core count
8
Frequency
3.2 GHz
Caches
L1 - 32 KB
L2 - 128 KB
L3 - 2 MB
Table 2: Base configuration

LSU Performance over 8-Core
MKL

LSU Power savings over 8-Core
MKL
100%

50%

90%

Energy savings over the baseline

Performance improvement over baseline

40%
30%
20%
10%
0%

Specification
Values
PIM Core type Simple Inorder
Core count
8 - 32
Frequency
3.2 GHz
LSU Buffer
2 MB
PIM Buffers
16 KB
Table 3: LSU configuration running SMM
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Fig. 5: 200 x 200 Performance speedup (left), Energy savings in percent (right) over
baseline. (We accounted for power consumed by all LSU components)

do not use cache memories and the total buffer space needed is significantly less
than the space occupied by L1 and L2 caches in conventional multicore systems.
Since our goal is to show that the expanded matrices can be parallelized, we
simulated with multiple PIM cores as shown in Table 3. The baseline CPU core
configuration is shown in Table 2).

4

Results and Analysis

In this section we show the results of our simulations and provide an analysis of
these results on our proposed architecture.
4.1

LSU for Sparse Matrix Algorithms

Our goal for sparse matrix algorithms is to utilize multiple cores and easily
parallelize the matrix multiplication code (and other sparse matrix algorithms).
For this purpose, our LSU expands sparse matrices (represented using either
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Fig. 6: 500 x 500 Execution cycles (left), Energy consumption (nj) (right) of baseline
and proposed work with multiple configuration. Note that both the y-axis are in log10
scale

coordinate form or compressed sparse rows formats) by filling the matrices with
both zero and non-zero values. These ”dense” or expanded matrices can then
easily be parallelized and individual cores do not perform index computations
that involve indirect memory accesses, to determine the location of non-zero
elements. We compare results obtained on our design with those obtained using
Intel MKL Sparse Matrix multiplication routines [10] running on a multicore
system in the base configuration. Figure 5 (left portion) shows the performance
improvement for 200 x 200 matrices with different number of non-zero(nnz)
elements. At 5 and 10 percent non-zero elements, LSU architecture with 16, 32
cores performed 40% and 10% better than the baseline configuration respectively.
This gain in performance is due to two reasons. 1) The host system’s inability
to parallelize efficiently at low percent of nnz elements and threads spent most
of the time on index computations to access data. 2) In LSU architecture, the
amount of computations wasted due to the zeros is small. At 20 and 30 percent
nnz, MKL threads will have more work to do (more non-zero values to multiplyaccumulate), thus performing better than our architecture. At 40 percent nnz,
even though baseline system (or host) could use parallelism, each thread is still
expending time on index computations. The benefit of our methodology becomes
more visible at this level of sparsity (40% non-zero values, or 60% sparsity). Each
PIM core has more non-zero values to compute and fewer zero values to skip.
We can see more than 20% performance gain from LSU-based system over the
baseline. Figure 5 shows energy saving results. The figure shows that, even when
our architecture does not show performance gains, our system shows as much
as 80% energy savings over the baseline. The energy savings in in part due to
the simple in-order PIM cores and in part due to eliminating index computation
(and several memory accesses) by each PIM core.
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Fig. 7: Percent of row misses to row hits at different nnz for 500 x 500 matrix

Figure 6 shows the results for a 500 x 500 matrices with different number
of non-zero elements (5 percent, 10 percent, 20 percent, 30 percent and 40 percent). Since the location of non-zero elements is random, the distribution of work
among cores is also random. When the number of non-zero elements reaches 30
percent, LSU architecture shows better performance with 16 cores when compared to baseline with 8 X86 cores, and shows 10% performance gains. With 40
percent non-zero elements, 16 PIM core configuration achieves more than 24%
performance gain over the baseline with 8 cores. Performance improvements
achieved by our architecture show similar trend as the number of non-zero elements are increased beyond 40%. It should be noted that even though we use 16
PIM cores, these are very simple in-order cores, compared to the 8 out-of-order
host cores.
Figure 7 show the percent of DRAM row buffer misses versus row buffer
hits. As can be seen, the LSU system shows significantly lower row buffer misses
when compared to that for baseline. This is the second major reason for the performance gains of our architecture (in addition to highly parallel computations
of PIM cores using expanded matrices). Our LSU extracts all possible non-zero
values contained in the DRAM row buffer so that the row need not have to be
reactivated multiple times to satisfy requests from (baseline) CPU cores. In LSU
system, the row buffer hits increases with the number of non-zero elements (or
as the sparsity decreases). For such inputs, (baseline) CPU cores make more
requests for data that in turn may increase the number of row activations (since
it is likely that row may have been closed to satisfy other requests).
Figure 6 shows energy consumption results for 500 x 500 matrices based on
our LSU configurations shown in table 3. With 5 percent non-zero elements, 16
and 32 PIM core configurations consumed slightly higher energy than baseline
with 8-cores. As the number of non-zeros increase (or sparsity decreases), the
LSU system shows better energy consumption over the baseline. Higher PIM
core counts increase the hardware complexity and increase power consumption
but the difference in the power savings reduces as the sparsity decreases (or non-
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zeros increase) due to the higher degrees of parallelism that can be exploited. It
should be noted that the energy is measured in terms of joules, a measurement
of energy per unit time. It is directly proportional to the execution time.
Summary. Although not shown in this paper due to space limitations, we observed that with larger matrix dimensions, our LSU based architecture outperforms the baseline at higher percentage of non-zeros (for example, for 1000x1000
our architecture outperforms the baseline with 40% nonzero values). Even when
there is no performance gain (with higher sparsities or very few non-zero elements), our architecture shows energy savings over the baseline. The savings are
in part because PIM cores are simpler than host cores. In comparing the energy
savings, our LSU unit with 16 PIM cores and 32 sequencers occupies about 21%
less area than the baseline with 8-cores. Given that PIM systems are limited to
10W [23], it is possible to fit 25 PIM cores and 25 sequencers. All the buffer
space needed for our LSU system is significantly smaller than the space used by
L1 and L2 private caches in a modern multicore host systems.

5

Related Work

There are several studies on data prefetching. In [7], prefetching is based on calculating the stride from previous accesses and prefetching is limited to tracking
the stride for one data structure. In our work, we prefetch data based on the meta
data provided about each data structure. The meta-data can provide the number of elements needed and stride. The meta data may also specifiy non-uniform
stride. Streambuffers [14] 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 [13] is address
correlation-based prefetching and stores the history of missed address streams.
Based on the history of previous miss pattern, 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 [11], 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 used pages from
slower non-volatile memories into faster DRAM based memories. This is in lieu
of migrating pages completely into faster memories. Our prefetching focuses on
gathering data elements based on the request that fall to the same DRAM row
buffer. We also prefetch into buffers contained within the LSU and not into
processor cache memories.
There are several works that attempt to improve the performance of sparse
matrices. One paper [6] proposed a parallel sparse matrix algorithm based on
SUMMA used in BLAS library and parallelized the sparse matrix multiplication,
while we expanded the sparse matrices into dense representation and parallelized
the expanded matrices.
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Greathouse [8] proposed an algorithm, CSR-Stream to compute sparse matrixvector 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 [3], 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. In our approach, we initially expand the matrix into denser format
row and column wise and compute the product.

6

Conclusions

We set out to see if there are any benefits in expanding sparse matrix data into
dense data (including both zero and non-zero values) so that the compute elements can avoid complex index operations. We explored this idea within the
context of Processing-In-Memory (PIM) to benefit from high bandwidth and
wide row buffers available in 3D-stacked memories. We use a special hardware
Load/Store Unit that is provided with meta data about the matrices. The meta
data allows LSU to extract all useful data items available in an open DRAM
row buffer. LSU also expands the sparse matrices into dense matrices by filling
in missing zeros (along with non-zero values). This buffered and expanded dense
data is then transferred to the processing elements. We evaluated our architecture for matrix multiplication. We compared our approach with a conventional
multicore host implementing sparse matrix algorithms (the baseline).
Our experiments show that our approach results in performance gains over
the baseline when the percentage of non-zero values exceeds 30%. For larger
matrices, this threshold may be higher (say 40% non-zeros). In addition to performance gains, our approach also shows a reduction in energy consumed. The
performance gains stem from both the expansion (and parallel execution of the
expanded data) and prefetching of data, fully utilizing all the data available in
a DRAM row buffer. The latter is shown by the significantly higher DRAM row
buffer hits with our architecture when compared to the row buffer hits using
conventional host processors implementing sparse matrix algorithms.
While scientific applications deal with very large matrices and the percentage of non-zeros is very low, many other emerging applications contain higher
percentages of non-zeros. For example, many input sets for deep learning applications show the percentage of non-zeros exceeding 30%, and this percentage
varies between 30% and 70%. Additionally, the data sets can be easily organized into smaller blocks. Thus, we feel that our approach is applicable for such
application domains. We are currently investigating our LSU approach to deep
learning applications. Although we placed our design in a Processing-In-Memory
context, the LSU can be used as an accelerator, residing on the same CPU die.
The only difference will be in terms of direct access to DRAM row buffers offered in PIM context, compared to the limited communication width offered by
an off-chip DRAM.
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