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ABSTRACT
Memory sub-systems contribute significantly to HPC performance
and energy efficiency. Traditional memory technologies with con-
ventional organization (e.g., DRAM) are struggling to keep up with
exceeding memory requirements of modern applications. Adopted
techniques such as multi-layer cache hierarchy and out-of-order
execution are still falling short to mitigate the penalty incurred by
memory accesses. Processing-in-memory (PIM) is emerging as a
promising technique, which suggests moving memory-intensive
kernels to memory for execution, instead of bringing the data to
the processing unit. This technique has recently received a lot of
traction among computer architecture researchers and increasing
research activity investigating this technique indicates its potential
to alleviate main memory performance bottlenecks to a great extent.
In this paper, we characterize and identify memory-intensive HPC
kernels, perform a first-order evaluation of processing-in-memory
technique for selected HPC kernels, quantify performance deviation
and analyze the key factors that affect PIM efficiency.
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1 INTRODUCTION
Memory systems are dominant factors in large-scale High Perfor-
mance Computing (HPC) clusters from performance and energy
consumption perspective. It also significantly contributes to the
setup and operational cost of such systems. Dynamic Random Ac-
cess Memory or DRAM technology has been adopted and served
as the primary building blocks of main memory sub-systems on
the majority of computing domains including HPC. DRAM in its
conventional organization (i.e., DIMMs) is struggling to accommo-
date the exceeding memory requirements of emerging applications
from different domains. This is primarily because main memory
systems and computing units are clearly separate devices and are
usually located far apart and communicate via buses constrained
by a limited number of pins. In addition, DRAM devices usually op-
erate in much lower frequency than the compute units (CPU/GPU).
As a result, accessing the main memory for reading and writing
memory blocks are expensive operations in terms of latency and
energy consumption. To give a perspective, accessing data from a
DRAM device to the processing unit through the cache hierarchy
takes about two orders of magnitude more energy than performing
a floating point operation in a processor [1]. Over the years, several
techniques have been adopted to complement the penalty occur-
ring from memory operations. Several layers of cache hierarchy
are introduced to reduce access to the main memory. Out-of-order
cores are expected to continue execution while it’s waiting for the
data from the main memory. Despite the efforts, memory access

overhead continues to sustain as a major bottleneck for efficient
execution of applications in HPC and other domains.

Researchers are investigating alternative solutions to keep up
with the increasing memory demands from modern applications.
Part of that effort focuses on using novel memory technologies
based on new materials such as Phase Change Memory (PCM),
Spin-Transfer-Torque Magnetic RAM (STT-MRAM), Resistive RAM
(ReRAM), etc. The idea is to leverage the unique properties of these
memory technologies (non-volatility, endurance, no leakage cur-
rent) to come up with an efficient alternative to DRAM technology.
However, significant development at the cell/material level is war-
ranted to get these memory technologies ready to attain DRAM-like
performance. In addition, such extensive research and development
efforts would also induce cost overhead for these technologies and
it would be increasingly difficult to be commercially viable against
very affordable DRAM technology. The other approach is to change
the organization of conventional memory systems using the same
DRAM technology. 3D stacking of DRAM dies appears to be a con-
venient way to increase capacity and moving the stack closer to
the CPU on the same silicon interposer greatly helps to reduce
the memory access latency. Silicon interposer also allows to have
denser buses (e.g., 1024 bits) between memory stack and processing
unit, effectively increasing the bandwidth. Currently, High band-
width Memory (HBM) and Hybrid Memory Cube (HMC) are the
two major protocols adopting that adopt 3D stacking DRAMmodel.

HMC [2] comes with an optional logic layer beneath the stack.
This logic layer can be leveraged to implement simple processing
units closer to the memory, which corresponds to the technique
Processing-in-memory (PIM)1, which builds on the idea of moving
the execution of certain memory-intensive applications/kernels to
the memory, instead of bringing the data to CPU for processing
through expensive memory accesses. An upsurge of research ac-
tivity investigating different PIM techniques indicates that it has
significant potential to accelerate memory bound problems. Recent
studies report significant improvements in performance and en-
ergy efficiency by adopting PIM techniques. However, these studies
largely focus on and analyze the applications from Artificial Intelli-
gence, Machine Learning, and Neural Network domains along with
some generic kernels.

In this paper, we perform a preliminary evaluation of HPC ker-
nels for Processing in Memory. We select HPC applications de-
veloped by the laboratories of US Department of Energy (DoE),
identify their memory-intensive kernels and analyze their suitabil-
ity and performance with processing-in-memory. We also analyze
key factors affecting PIM efficiency.

The rest of the paper is organized as follows. Section 2 presents
a background and related works on PIM techniques, Section 3
presents the workload characterization of target applications, Sec-
tion 4 explains the experimental setup and methodologies used,

1Also known as Compute-in-Memory (CIM), processing-near-memory or processing-
using-memory. For simplicity, we refer to it as Processing-in-memory (PIM) throughout
the paper.



Figure 1: Generic representation of a Main Memory DIMM. Processing in memory can take place at the (1) memory array, (2)
row buffer or in a simple processing unit (3) closer to the banks

.

Section 5 presents the results of the evaluation, and Section 6 sum-
marizes the conclusions of the study.

2 BACKGROUND
Processing in memory generally refers to the idea of moving some
of the executions to the memory unit, when moving the data to the
CPU for processing deem to take more time, which is often the case
for memory-intensive kernels. With various memory technologies
and PIM optimization techniques present, there are several ways
PIM can be adopted. Figure 1 shows a generic representation of a
main memory DIMM module. A main memory DIMM (e.g., DDR4
DIMM) has several chips. Each chip has a number of banks (e.g., 4,
8, 16) and each bank has a specified number of rows and columns
which constitutes the memory array (highlighted as 1 in Fig-
ure 1). Each intersection of a row and column typically represents
a memory cell which holds single bit data. When a row address is
requested to be accessed, that selected row is then loaded on to the
row buffer (highlighted as 2 in Figure 1).

Several studies propose to use the memory array 1 for comput-
ing [3–8], mostly for matrix vector multiplication operations where
the coefficients can be mapped to the rows and columns to compute
dot products using the array. Baohua et al. [5] propose to improve
in-memory multiplication with partition-based computation tech-
niques for broadcasting and moving data within partitions. The
authors exploit ReRAM’s voltage controlled variable resistance to
support logic gates. Long et al. [7] proposes another ReRAM based
design particularly for Recurrent Neural Network (RNN) acceler-
ation. The study proposes crossbar sub-arrays for matrix vector
multiplication, multiplier sub-arrays for element-wise operations
and special function units for nonlinear functions. Peng et al. [6]
present a new mapping method and data flow to maximize reuse of
weight and input data on a 8-bit ReRAM based PIM architecture.
Imani et al. [4] report to have achieved graph processing and query
processing capabilities along with machine learning acceleration
with processing in memory.

The second category of PIM operations is proposed in the row
buffer level 2 ; for example, by adding multiple row buffers and
performing bit-wise operations among them. Lin et al. [9] present
a PIM design proposing optimization at the row buffer level. The
authors introduce a Population Count Engine which works on the

data inside the sense amplifier and store the results back to the
sense amplifier.

The third category of processing in memory suggests having a
simple processing unit near the memory banks (marked as 3 in
Figure 1) capable of executing a sub-set of CPU instructions. The
main intention of this model is to reduce memory traffic to/from
CPU [1, 10–20]. Some of these studies suggest using the logic die
of 3D stacked memories to place Processing Elements (PE) directly
beneath the DRAM dies with a shorter distance to the coefficient
data residing in the DRAM layers for faster computation [1, 15,
16, 21]. Huang et al. [17] propose a heterogeneous PIM design
incorporatingmemristors and CMOS based technologies, in order to
accommodate the heterogeneity requirements of graph applications.
DAMOV [20] is a PIM simulation infrastructure based on ZSim [22]
and Ramulator [23] with offloading support. The authors develop
a rigorous workload characterization methodology and quantify
data movement bottleneck on an extensive set of applications and
functions. Few studies evaluate PIM architectures with hardware
implementation. Lee et al. [1] develop an industrial prototype of a
PIM design that can seamlessly work with a variety of commercial
processors without requiring any changes to the applications. The
proposed PIM execution unit has a five-stage pipeline, 16-wide
SIMD FPU, registers and controller. This design is based on an
HBM stack fabricated with a 20nm technology process. PimCaffe
[24] develops a PIM near memory design based on multiple FPGAs,
implementing SIMD and systolic array compute engines for vector
and matrix multiplications.

As a general observation, the first two approaches of PIM design
(processing in memory array and row buffer) are inherently limited
to certain compute operations. Since HPC application kernels per-
form complex computations that frequently includes floating point
operations with various arithmetic functions, we believe the PIM
execution model that would serve the best for HPC domain is the
third approach explained above — to employ a simple processing
unit where memory-intensive HPC kernels can be offloaded in its
entirety to be executed. In this work, we evaluate HPC kernels
on a simple processing unit closer to the memory as detailed in
Section 4.
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Figure 2: Approximate representation of HPC application
kernels on the Roofline model.

3 WORKLOAD CHARACTERIZATION OF HPC
APPLICATIONS

This section introduces the HPC application studied in this research
and delves into characterizing them. The main source of these
applications is the ongoing Exascale Proxy Application Project [25],
commonly known as ECP proxy apps. Along with these proxy
apps, Lulesh [26], another commonly used mini-app in the HPC
community, is considered in this study. For characterization, at
first, hotspot analysis is performed using Intel Vtune(2022.3.0) to
identify the functions with high execution time. Then, Intel Advisor
is used for generating Roofline models to identify the compute-
memory intensity of those functions. Table 1 shows the application
names along with the functions, and Figure 2 shows the position in
the Roofline model. All the functions studied in this research are
memory-intensive.

3.1 SimpleMOC
SimpleMOC mini-app is designed to demonstrate the performance
and viability of theMethod of Characteristics (MOC) for 3D neutron
transport calculations for full-scale light water reactor simulation.
In this application, 𝑎𝑡𝑡𝑒𝑛𝑢𝑎𝑡𝑒_𝑓 𝑙𝑢𝑥𝑒𝑠 function is one of the sig-
nificant contributors to execution time and is bound by DRAM
Bandwidth (see Figure 2).

3.2 PathFinder
PathFinder is implemented for searching signatures in directed
and cyclic graphs. It searches the path between signatures and
labels in the graph. One of the main functions in PathFinder is
𝑓 𝑖𝑛𝑑𝐴𝑛𝑑𝑅𝑒𝑐𝑜𝑟𝑑𝐴𝑙𝑙𝑃𝑎𝑡ℎ𝑠 , which is DRAM bandwidth bound and
has the lowest arithmetic intensity of all the functions studied in
this research.

3.3 XSBench
XSBench represents a key computational kernel of the Monte Carlo
neutron transport algorithm, which performs continuous energy
macroscopic neutron cross-section lookup. The hotspot and Roofline
analysis identify 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒_𝑚𝑖𝑐𝑟𝑜_𝑥𝑠 as one of the major memory-
bound functions.

Table 1: HPC Benchmarks and their Memory-Bound/Critical
Functions identified

Bechmark Function Memory/compute bound

SimpleMOC attenuate_fluxes Main Memory BW bound
PathFinder findAndRecordAllPaths Main Memory BW bound
XSBench calculate_micro_xs Main Memory BW bound
RSBench c_mul L3 BW bound
MiniAMR stencil_calc L3 BW bound
QuickSilver macroscopicCrossSection Main Memory BW bound

Lulesh CalcKinematicsForElems Main Memory BW bound

3.4 RSBench
Similar to XSBench, RSBench also represents a kernel for Monte
Carlo neutron transport algorithm. It represents the multipole
method for performing continuous energy macroscopic neutron
cross-section lookups. The hotspot and Roofline analysis reveals
𝑐_𝑚𝑢𝑙 function as one of the major memory-bound functions.

3.5 MiniAMR
MiniAMR performs adaptive mesh refinement, which divides a unit
cube computational domain and applies stencil calculation. The
blocks have an equal number for cell distribution and communicate
to their neighbors using ghost values. As expected, the 𝑠𝑡𝑒𝑛𝑐𝑖𝑙_𝑐𝑎𝑙𝑐
function is the main memory-bound function for this application
which is bound by level 3 cache bandwidth (see Figure 2).

3.6 Quicksilver
Quicksilver solves a simplified dynamic Monte Carlo particle trans-
port problem to partially implement the Mercury workload. It
replicates Mercury’s memory access pattern, communication, and
branching for problems using multi-group cross sections. The func-
tion 𝑚𝑎𝑐𝑟𝑜𝑠𝑐𝑜𝑝𝑖𝑐𝐶𝑟𝑜𝑠𝑠𝑆𝑒𝑐𝑡𝑖𝑜𝑛 is one of the hotspots, a memory-
intensive kernel bound by DRAM bandwidth in the Roofline model.

3.7 Lulesh
Lulesh (Livermore Unstructured Lagrangian Explicit Shock Hydro-
dynamics) is a well-known HPC proxy app developed by Lawrence
Livermore National Laboratory. This application exhibits differ-
ent memory access patterns for a 3D mesh data structure where
more than twenty functions are identified as memory bound [27],
which makes it a feasible candidate for PIM study. In this study, we
consider the function 𝐶𝑎𝑙𝑐𝐾𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠𝐹𝑜𝑟𝐸𝑙𝑒𝑚𝑠 for evaluation.

4 EXPERIMENTAL ENVIRONMENT
In this section, we present the simulation infrastructure andmethod-
ology used in the study as well as the metrics that are used to
represent the results.

For our experiments, we use the recently released DAMOV-
SIM simulation infrastructure [20]. DAMOV is based on ZSim sys-
tem simulator [22] coupled with Ramulator memory simulator[23].
ZSim is used to simulate both host and PIM core’s microarchitecture,
cache hierarchy and coherence protocols. We use Hybrid Memory
Cube (HMC) [2] to leverage its logic layer where PIM execution unit
is realized. Ramulator memory simulator is used to model HMC
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Table 2: Configurations used in the simulation

Unit Configuration

Host CPU 1 out-of-order Core running at 2.4GHz,
L1 Cache 32KB, 8-way, 64B/Line, LRU policy
L2 Cache 256KB, 8-way, 64B/Line, LRU Policy
L3 Cache 8MB, 16-way, 64B/Line, LRU Policy

PIM Execution unit 1 out-of-order Core running at 2.4GHz,
L1 Cache 32KB, 8-way, 64B/Line, LRU policy

Main Memory HMC v.2.0, 32 Vaults, 8 DRAM banks/vault, 256B
row buffer, 8GB capacity.

main memory architecture, memory controller and main memory
access protocols. The system configurations used in the simulations
are summarized in Table 2. DAMOV-SIM uses pintool v. 2.14, on a
Linux kernel v.3.8.

First, we identify the memory-intensive kernels of the bench-
marks under study, as detailed in Section 3. We use DAMOV-SIM’s
offloading support to isolate identified kernels by inserting de-
limiter functions and run them for 1 billion instructions. In the
configuration file, when pimMode is set to true Zsim simulates a
PIM core with shorter latency to memory with high bandwidth.
When pimMode is set to false it simulate a core with regular set-
tings (host processor). At function-level offloading granularity, it is
easier to determine and compare how the same function performs
in PIM and host cores.

We analyze three important performance metrics: Instruction
Per Cycle (IPC), Misses-Per-Kilo-Instruction (MPKI) and Last to
First Miss Ratio (LFMR), which indicates the ratio of last level cache
misses to first level cache misses.

5 EVALUATION
In this section, we present the results from our simulations ex-
perimenting performance impact of executing memory-intensive
kernels in the host processor (host) and PIM execution unit (PIM).
Figure 3(a) shows the overall performance achievement of Host
and PIM cores in terms of Instruction per Cycle (IPC) for all HPC
kernels under study. The horizontal bars represent IPC counts for
Host and PIM cores, whereas the X axis lists the benchmarks. The
results show that two kernels from the application SimpleMOC
and XSBench achieve slightly better performance (2.1% and 10.3%
speed-up, respectively) when executed on the PIM core. Lulesh,
RSBench, MiniAMR, and Quicksilver kernels’ performance deterio-
rates by 17.2%, 5.2%, 16.2%, and 17.24%, respectively, in comparison
to the host core. Pathfinder’s kernels perform the worst, suffering
a 126.9% degradation.

To investigate the variation in performance, we analyze L3Misses
Per Kilo Instructions (MPKI) for each kernel in the host core, pre-
sented in Figure 3(b), where Y axis lists the MPKI values in loga-
rithmic scale, and X axis lists the name of the applications. The
chart shows that the MPKI values for application kernels range
from 0.011 (MiniAMR) to 4.65 (XSBench). SimpleMOC and XSBench,
which perform better in the PIM core, have the highest MPKI values
among the kernels under analysis. We further analyze Last to First
Miss Ratio (LFMR), which corresponds to the miss ratio between L3

(a) IPC.

(b) MPKI.

(c) LFMR.

Figure 3: Performance impact of HPC kernel executing on
PIM core in comparison to the Host core. (a) Performance
variation in terms of Instruction Per Cycle (IPC) for Host
and PIM cores. (b) L3 Misses Per Kilo Instruction (MPKI) for
all Kernels in host core (c) Last to First Miss Ratio (LFMR) on
host core for kernels under analysis.4



cache misses and L1 cache misses, presented in Figure 3(c). LFMR
effectively indicates the efficiency of the cache hierarchy. For the
HPC kernels under study, LFMR ranges from 0.002 (Pathfinder)
to 0.7 (SimpleMOC). An interesting observation from this is that
although miniAMR has lower MPKI (0.011) than Pathfinder (0.021),
with higher LFMR, it performs relatively better on the PIM core.

6 CONCLUSIONS
In this paper, we perform a first-order evaluation of HPC kernels
developed by laboratories of US Department of Energy (DoE) for
processing-in-memory (PIM) technique. To that end, we character-
ize seven HPC applications and identify memory-intensive kernels
which we run on the host core and PIM core with HMC main
memory module using DAMOV-SIM simulation infrastructure. The
results show that two of the seven HPC kernels achieve a perfor-
mance gain executing in the PIM core, which is largely analogous
to the L3 misses per kilo instructions (MPKI) of each kernel. The
results also suggest that MPKI is not the only factor that determines
if a kernel would benefit from executing on a PIM core. We observe
that a kernel may perform relatively better on a PIM core than
another kernel with a higher MPKI but having a lower LFMR.
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