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Demands on computational performance, power efficiency, data transfer, resource capac-
ity, and resilience for next generation high performance computing (HPC) systems present a new
host of challenges. There is a growing disparity between computational performance vs. net-
work and storage device throughput and among the energy costs of computational, memory, and
communication operations. Chapel is a powerful, high-level, parallel, PGAS language designed
to streamline development by addressing code complexities and uses a shared memory model for
handling large, distributed memory systems. I extended the capabilities of Chapel by providing
support of persistent memory with intrinsic and programmatic features for HPC systems. In my
approach I explored the efficacy of persistent memory in a hybrid-PGAS environment through
latency hiding analysis via cache monitoring, identification and mitigation of performance bottle-
necks via data-centric analysis, and hardware profiling to assess performance cost vs. benefits and
energy footprint. To manage persistency and ensure resiliency I developed a transaction system
with ACID properties that supports hybrid-PGAS virtual addressing and distributed checkpoint

and recovery system.
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Chapter 1: Introduction

1.1 Overview

Next generation HPC systems present a new host of challenges as critical applications
drive the demand on computational performance, power efficiency, data transfer, resource capac-
ity, and resilience. Future estimations indicate that power efficiency needs to be improved by up
to three orders of magnitude and most of the aggregate system power is consumed by data motion
[1]. Disparity between computational performance vs. network and storage device throughput
is growing. Also there is an increasing disparity for energy costs of computational, memory,
and communication operations. Several emerging technologies seek to close some of these gaps
through increased parallelization via accelerators and low-energy, high-capacity persistent mem-
ory. However best practices for integrating and utilizing these technologies in a distributed com-
puting architecture are not entirely understood by the HPC community. Simple attempts to bolt

these mechanisms onto existing paradigms lead to increased code complexity.

1.2 Motiviation

For a number of years a supercomputing arms race has been raging between the United

States of America, China, Switzerland, Japan, Germany, South Korea, Italy, France, Taiwan, UK,



Spain, Saudi Arabia, and India. The US Department of Energy (DOE) in collaboration with
American partners lead an effort to maintain the USA as the preeminent world leader in technol-
ogy and High Performance Computing (HPC). Hewlett Packard Enterprise Frontier (OLCF-5),
hosted at ORNL, became operational in 2022 as the world’s first exascale supercomputer, boast-
ing a theoretical peak performance of 1.6 exaFLOPS [2] and 1.2 exaFLOPS Rmax [3]. OLCF-5
is also the top performing supercomputer in the world today according to the TOP500 [3].

In order to fulfill the demands for next generation HPC systems there are many new chal-
lenges to overcome. Emerging technologies are being developed as solutions to address some
of these problems. Persistent or nonvolatile memory (NVM) provide a much larger memory ca-
pacity while requiring no energy cost to maintain the memory state unlike DRAM, which must

consume energy when performing periodic refresh operations to prevent data loss.
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Fig. 1.1: Top500 and Green500 Median Power and Energy Efficiency of Top 10 Supercomputers by Year



Over the last twenty years, the demand for power has steadily grown. Figure 1.1 represents
the median power and energy efficiency of the top 10 best performing supercomputers in the
world by year, compiled from TOP500 [3] and GREENS500 [4] data. Power demand has increased
linearly, while computational energy efficiency (GFlops/W) is on an exponential climb, likely due

to the introduction and ever greater utilization of stream cores processing on GPU accelerators.
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Fig. 1.2: Top500 and Green500 Median Power and Core-Watts of Top 10 Supercomputers by Year

However, a median ratio of power (W) to cores (core-watts) reveals very little has changed
in recent years as illustrated in Figure 1.2. Since the increase in power demand is relatively
proportional to the growth of the number of cores, per Figure 1.3, with more recent advancements,
cores have higher FLOPS but still demand around the same amount of power. The proportional
growth of power is not simply isolated to core count, since it is also accompanied by a need for

larger memory capacity. With an ever increasing demand on power, I now seek to optimize the



energy efficiency for other parts of the architecture, such as memory.
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Fig. 1.3: Top500 Median Power and Core Count of Top 10 Supercomputers by Year

The introduction and increased reliance on emerging persistent memory technologies will
contribute towards achieving this goal. However, researchers are struggling to integrate and uti-
lize NVM technologies as resources in a distributed architecture. NVM support greatly expands
the capacity of a distributed memory environment. Unfortunately a downside to the introduction
of NVM in HPC is that it increases the burden of code complexity. In addition, NVM has higher
read and write latencies and lower endurance than DRAM. More information on different NVM
technologies and latency properties can be found in subsection 2.4.3. HPC systems comprised of
a cluster of compute nodes with separate memory environments are easier to build. However this
architecture places the burden on the programmer to manage data on each node.

A high-level parallel language with partitioned global address space (PGAS) support can



provide a foundation for addressing these challenges. Language features of high-level languages
hide and manage underlying complexities while streamlining the development process. In ad-
dition, a PGAS solves the problem of programming for large distributed memory systems by
providing a shared memory model. Chapel is a high-level, parallel, PGAS language distributed
with an open-source compiler and runtime framework which I expanded to incorporate the uti-

lization of persistent memory.

1.2.1 Thesis Statement

NVM technologies can offer larger capacity and lower energy consumption than traditional
DRAM for HPC applications. The complexity and latencies of NVM can be minimized by using

a high-level parallel PGAS language and effective use of traditional processor caches.

1.2.2 Thesis Contributions

1. I have extended the Chapel PGAS language to support DRAM-NVM hybrid-PGAS by

adding a new persist type qualifier.

2. My extensions to Chapel provide transactional persistent memory with byte-addressable

access to persistent objects.

3. T'have added a checkpoint and recovery system for Chapel that uses my persistent memory

extensions to allow effective user selection of state to checkpoint.

4. I extended my Purity data-centric profiling tool to support DRAM-NVM hybrid-PGAS

profiling of memory and communication access patterns for Chapel runtime executions.



5. I conducted a case study using Purity to identify a bottleneck. The kernel was optimized

based on the data from the tool, resulting in a speedup of 78x.

6. Using my cache performance profiling tool, I conducted a cache performance study.

7. A study considered architectural configurations that showed PCRAM, but not SLCNAND,

could achieve performance similar to DRAM for a Chapel microbenchmark.

1.3 Structure

In Chapter 1, I introduced NVM as an emerging technology which is more energy efficient
that traditional DRAM main memory and Chapel which has high-level language features that
hide complex details of parallel HPC applications and can be extended to incorporate NVM. The
remainder of the dissertation layout is as follows. Chapter 2 is the related work, where I compare
recent publications to the research in this dissertation. Chapter 3 covers basic Chapel terminol-
ogy and language features that are used throughout the dissertation. Chapter 4 demonstrates how
I expanded the Chapel language to incorporate NVM in a hybrid-PGAS model by integrating
persistent memory support into the Chapel compiler and runtime framework with the introduc-
tion of a new language feature and semantics, transaction system, and checkpoint and recovery.
Chapter 5 introduces a data-centric profiling tool that I have developed for the Chapel language,
which has been extended to support NVM profiling. In Chapter 6, serveral experiements were
conducted to determine when NVM performance is similar to DRAM and to evaluate the efficacy
of the checkpoint and recovery system. Chapter 7 contains the summary conclusion and Chapter

8 is the future work.



Chapter 2: Related Work

2.1 Persistent Memory

2.1.1 Disaggregated Memory

Disaggregated memory refers to a memory pool that has been decoupled from compute
nodes and made accessible, expanding the memory hierachy as remote shared memory. Decou-
pling separates compute resources and memory, allowing for independent scaling of processing
and memory capacity while reducing over provisioning of memory resources. However, the
memory architecture relies on network access to transfer data to and from compute nodes, which
can impact performance.

OpenFAM is an API that allows applications to utilize both volatile and persistent high-
capacity fabric-attached dissaggregated memory (FAM). It can facilitate data sharing between
compute nodes via shared memory. Each region represent a large heap, for which data items can
be allocated and mapped into a processing element’s (PE) virtual address space [5] [6] [7] [8]
Access control is enforced via access permissions associated with both regions and data items.
Access to specified regions and data items can be enabled for different parts of an application
or other applications and are addressed via descriptors to avoid direct access to a global address

space [9]. OpenFAM also handles synchonization issues for multi-threaded applications [10].



The Chapel language was extended to support FAM through the definition of a new distri-
bution policy [11] [12]. A prototype FAM distribution module was developed to manage FAM-
resident arrays which can translate high-level array operations into FAM accesses via OpenFAM
APIs. It provides support for random access, bulk transfer, reduce, scan, slicing, and re-indexing
operations. When a FAM array is created, the FAM allocation is partitioned and assigned to
each locale and can support parallel array operations similar to a distributed array with Block
distribution.

Amitha C. et al. [13] prototyped a record-based FAM pointer that utilizes OpenFAM APIs
to support access to FAM-resident data objects through the Chapel language. FAMptr is an ab-
stract language construct which hides the underlining FAM implementation. The record-based
pointer maintains a data type, FAM handle / descriptor and FAM offset. It supports pointer
assignment, pointer arithmetic operations, and read and write operations into FAM. The evalua-
tion compared the performance between FAMptr and OpenFAM implementation through Chapel
bindings and found that the FAMptr implementation did not contribute to additional overhead.

John Byrne et al. [14] developed a FAM dataset storage management system that uti-
lizes OpenFAM support via a FAM distribution module [11] integrated into Arkouda to handle
datasets that are too large to fit in the shared memory of computer nodes. Arkouda allows Python
programmers to perform exporatory data analysis to solve HPC-scale problems by providing a
Jupyter/Python frontend client with an API modeled after NumPy and an Arkouda backend server
implemented in Chapel [15] [16]. It uses parallel distributed arrays or pdarrays which are com-
posed of a series of in-memory data arrays that support filter, scatter, gather, add, subtract, and
sorting operations over compute nodes. With OpenFAM support on the Arkouda server, batches

of data and metadata stored in FAM are paged by a FAM dataset storage manager into pdarrays
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as working data in local memory on compute nodes. Operations performed by Python programs
produce derived FAM datasets which are tracked by a FAM dataset storage manager and data is
sychronized between FAM, Arkouda server instances, and clients via incremental updates and an

automatic update processor.

2.1.2 Distributed Memory

Command line interface plus Python (CLIPPy) [17] is a Python language interface, similar
to Arkouda, which is designed to communicate with a backend execution on an HPC system
with NVM. CLIPPy generates a Python API on the fly in a JSON format to run queries on
big data over a cluster, which allows the backend execution to be loosely coupled and can be
implemented in any language. CLIPPy uses Metall’s [18] [19] persistent memory allocator based
on mmap to store data in NVM. Since persistent data structures are stored in a NVM environment,
expensive data format conversions between in-memory and file representations can be avoided
when attaching, detaching, or reattaching NVM storage to an execution.

K.Wu and D. Li [20] developed Unimem which manages the placement of data objects in
a DRAM-NVM heterogeneous memory system (HMS) for HPC over multiple nodes using MPI.
Data placement is determined using profile characteristics of data objects derived from memory
access patterns of execution phases, performance models, and hardware-based characteristics
such as bandwidth and latency. Unimem API provides NVM allocation much like PMDK and
tracks pointers for automatic selective data movement. The evaluation was conducted over 7
MPI / C benchmarks on 3 different HPC test platforms and compared Unimem with X-Mem
[21]. Quartz [22] performance emulator was used to emulate NVM latencies and bandwith char-

acteristics for basic performance tests and detailed performance analysis, while the scalability



study relied on NUMA characteristics to emulate NVM accesses. The results demonstrate that
the performace gaps between DRAM and NVM can be largely mitigated through data manage-
ment that limits unnecessary data movement, indicating strong viability of NVM in future HPC

platforms.

2.1.3 PGAS Shared Memory

OpenSHMEM is an API for developing single program, multiple data (SPMD) applications
that utilize shared memory over a distributed computing architecture via a partitioned global ad-
dress space (PGAS) and a one-sided remote direct memory access (RDMA) from SHMEM [23]
[24] [25]. Grodowitz et al. developed an API extension for OpenSHMEM, built on the UCX li-
brary that provides byte-level access to distributed persistent data, similar to RMA, and addresses
network and storage performance issues while hiding file I/O details. The extension operates on
a client-server model to establish a PGAS where PEs use a client API to connect to and access
remote persistent memory stored via a symmetric file space across all PEs. Performance evalu-
ation over a graph generation and decomposition benchmark concluded that the extension does

not suffer from performance degradation [26].

2.1.4 Transactional Memory

TENET [27] is an extension of TimeStone [28], a persistent transactional memory (PTM)
library, which provides support for spatial and temporal memory safety and fault tolerence. Spa-
tial memory safety is guaranteed through Memory Protection Keys (MPK) and 8 byte canaries at
the allocation boundaries. The MPK enforces read-only access to the NVM object pool outside

of TENET and the canaries are checked during commit to detect when a spatial safety violation
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has occurred. Temporal safety is enforced in the first reference of NVM objects through pointer
tag validation by storing a tag in the upper 16-bits of each memory address to detect dangeling
pointers. Data fault tolerance addresses uncorrectable media errors (UME) by replicating NVM
page data.

NVL-C is a transactional programming abstraction, inspired by N'V-heaps [29], that pro-
vides a small set of C language extensions that operate as first-class language constructs, type
qualifiers, and runtime calls to support NVM programming while ensuring efficient, flexible,
portable, and correct execution of NVL-C applications. The design goals for developing NVL-C
are to provide a minimal and intuitive programming interface for accessing NVM, pointer safety
for a new type of pointer class system which incorporates NVM structures, ACID transactions
to avoid corruption of NVM data and ensure recovery from system failure, compiler and runtime
efficiency for NVM operations, and a modular implementation for flexibility [30].

NVL-C consists of two parts. The first is a compiler supported NVL extended LLVM IR
which is managed by NVL passes and benefits from additional safety constraints and diagnostics
that ensure correct execution from common programming errors involving NVM. The second is a
NVL runtime library which is built on top of Intel’s pmemobj and libpmemobj libraries from the
Persistent Memory Development Kit (PMDK), formerly known as NVML, for portability. The
advantage of using the underlining library is that it supports a wide range of SCM (storage class
memory) devices. Therefore no special hardware extensions need to be developed [30].

NVL-C is a programming abstraction that extends the C language to incorporate and man-
age persistent memory. NVL passes inside OpenARC perform instrumentation at the LLVM IR
level and provide pointer safety for a new type of pointer class system that uses a virtual address
space for NVM structures. NVL runtime contains a transaction system interface that enforces
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ACID properties for operations performed on persistent memory and also provides undo logging
for rolling back transactions [30] [31]. My approach is very similar to NVL-C in that [ use wide
references as a virtual address space for NVM structures and provide a transaction system with
ACID properties. However, unlike NVL-C my transaction, checkpoint, and restore system must
deal with parallelism over a distributed computing architecture.

OpenARC is used as the front-end compiler and translates NLV-C application source code
to an extended version of LLVM. A series of NVM passes then perform optimizations on NVM
operations and produces a standard LLVM which contains function calls to NVL runtime. Any
LLVM back-end compiler can be employed to generate the binary for a target architecture [31].

During evaluation the authors discovered several optimizations. One of them is NVM
pointer hoisting which hoists bare NVM pointers out of a loop-invariant computation to limit
the number of conversions that need to be performed on the base virtual address of an NVM.
Other optimizations include the aggregation of transaction data for backup clauses, avoiding
unnecessary backups, and increasing the granularity of a transaction region [30].

NVL-C implements a number of transaction optimizations. Automatic canonical undo log-
ging and automatic undo log aggregation provide the ability to roll back incomplete transactions
by managing the previous states of NVM data with undo logs and can determine when only a
single undo log is required. Other optimizations made are shadow updates for omitting extra
synchronizations between logical and physical NVM, addressing write-first access patterns, and
an abstract cost model [31].

MUMPS is a high-level, interactive, multitasking, general purpose language originally de-
signed for the healthcare industry to address record management needs [32] [33] [34]. MUMPS

stands for Massachusetts General Hospital Utility Multi-Programming System [33] and is also
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referred to as M [34]. Though first developed as an interpreted language in the Octo Barnett’s
Laboratory [34] at Massachusetts General Hospital (MGH) in 1966 to 1967, nonmedical appli-
cations have been developed for areas such as banking, accounting, library information systems,
inventory, and scheduling systems [33]. There is also a MUMPS operating system [34].

The MUMPS language provides transaction support with ACID properties through the ap-
plication of commands and subscripted arrays and variables via an underlining database system.
MUMPS relies on a built in general purpose database file system [32] that uses a Global Array file
manager, schedule and I/O manager to provide ACID transaction access via subscripted arrays
and variables [34]. Later the language was extended to incorporate PostgresSQL and MySQL
as back-ends [35]. The MUMPS database organizes disk resident structures using a hierarchical
model such as trees and sparse multi-dimensional arrays and provides key-value access via set,
merge, and read commands [34]. All values are stored as string-oriented primitives [33] which
support integer, floating point, and logical operations [34]. Global variables and arrays reside on
the disk and continue to persist after the program ends [34]. Local variables on the other hand are
stored in local memory and disappear upon the program’s termination [34]. Originally MUMPS
only supported single-line scope for variables but was later extended to facilitate variable scope

within a block structure [34].

2.2 Reliability

2.2.1 Checkpoint Systems

Singh, et al. proposed JASS [36], an adaptive checkpoint system for NVM-based systems

designed to reduce write amplification. Write amplification is a problem with flash memory
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where unintended rewrites of user data occur as a consequence of wear leveling, reducing per-
formance. The authors posited that high epoch size reduces write amplification and there is
also an inverse relationship between checkpoint latency and write amplification. Based on these
ideas they developed a checkpoint performance tuning algorithm which attempts to achieve an
epoch size and checkpoint latency target while minimizing write amplification and not exceeding
a checkpoint latency bound defined by the policyholder. The core of their approach relies on a
coherent cache flushing scheme which was developed based on Chandy-Lamport, a snapshot al-
gorithm for distributed systems [37] [38]. Tejas simulator was used to evaluate the performance
of JASS compared with NVOverlay with 7 benchmarks resulting in from 2.3% to 96% reduc-
tion in write amplification. NVOverlay is a checkpoint system which uses multi snapshot NVM
mapping and coherent snapshot tracking to account for memory changes across parallel systems
while minimizing write amplification [39].

K. Kruger et. al. present DONUTS (don’t pause the persistence) [40], a crash consistency
mechanism that provides asynchronous checkpoints to NVM based on dynamic epochs and undo-
logs. DONUTS utilizes processing-in-memory (PIM) for logging operations and to reduce data
motion between the processor’s memory controller and NVM. An epoch is comprised of three
stages; the execution phase involving uncommited changes in volatile caches, the commit phase,
and the persistence phase where all dirty cache lines and processor context are stored to NVM.
DONUTS overlaps epochs to dynamically establish checkpoints by allowing an epoch in the
persistent phase to be non-blocking. A modified cache LRU-R policy that evicts only clean blocks
was employed to limit the epoch length while maintaining dirty blocks to avoid excessive NVM
writes. An x86-64 architecture simulator was used to evaluate the performance of DONUTS over
cache organization assoicative set threshold, different log row buffer sizes, and different write
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buffer sizes. Results indicate a 50.6% write reduction to NVM when compared with PiCL and

less than 1.8% runtime overhead.

2.2.2 Fault Tolerance

J. Ren et. al. introduced EasyCrash [41], a framework that selectively persists heap and
global data objects to increase the possibility of recomputability of restarted crashed HPC appli-
cations due to faults, hardware or power failures. Application recomputability is defined as the
possibility that an application recomputes the correct outcome after a crash. Spearman’s rank
correlation analysis was used to select critical data objects as candidates based on the correlation
between data object inconsistent rate and application recomputability for a critical code region.
Evaluation was performed on the entire NAS Parallel Benchmarks suite, botsspar from SPEC
OMP 2012, kmeans from Rodinia and LULESH. NVCT PIN-based crash emulator was used to
simulate three levels of cache, main memory, and a random crash generator. Several thousand
crash and recompuation tests were conducted to reduce result variance to under 5%. To determine
effectiveness of EasyCrash, application responses were categorized as successful recomputation
without overhead vs with overhead, passes acceptance verification (not corrupted) but with extra
iterations and failed verification. Analysis compared with vs. without EasyCrash, selected data
objects vs. all data objects, selected code regions, and best recomputability. Best recomputability
is defined as the persistence of data objects at each code region for each iteration of the major
loop. Results demonstrate a tradeoff between relaxing crash consistency requirements and higher

efficiency with a 20% improvement on average.

15



2.3 Profiling Systems

2.3.1 Data-Centric

A. Hassan et al. developed a profiling tool for a hybrid DRAM-NVM main memory system
[42] [43]. Their tool informs developers how to optimally place their program data to achieve
energy efficiency by measuring access latency to determine average memory access time as well
as cache misses and write-back events that occurred for each object (i.e. program variables and
memory allocations). They employed their profiler and GEMS5 cycle accurate simulator to eval-
uate the efficacy of data placement of objects in a hybrid main memory environment using 14
different benchmarks. Their results found an energy savings of 69% to 81% with a performance
degradation under 5% from their approach when comparing against RaPP [44] which saw 50%
to 80% while exceeding a 10% performance penalty. The evaluation also considered placement
granularity based on object size, lifetime, and number of accesses and compared the energy sav-
ings across RRAM, STT-RAM and PCM alternative NVM technologies. Finally they focused on
data migration and discovered that migration is only beneficial if the object has a long allocation
lifetime, is accessed frequently, and at any period of time access is concentrated to parts of the
object. A. Hassan et al. also developed a hybrid memory API which uses their profile tool to
gather object statistics for managing data placement in a hybrid memory architecture [45].

W. Wei et al. developed 2PP a software / hardware cooperative framework that employs an
offline / online object placement scheme informed by profiler access statistics for hybrid DRAM-
NVM memory [46]. The first strategy uses global access characteristics of heap objects which

falls into a category of "convergent’ objects whose pages share a dominant read-write access pat-
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tern to determine initial placement of data. The second strategy applies selective dynamic analysis
to optimize the placement of ’divergent’ objects with different page access patterns at runtime.
They use energy efficiency (energy-delay product) and ratio of reads to writes (RWratios) metrics
to inform data migration.

Vampir [47] [48] 1s a HPC I/O performance analysis and visualization tool developed and
maintained by researchers at Dresden University of Technology (TUD) and later in collaboration
with the NEXTGenlO project. It relies on Score-P [49] to sample, timestamp, and record appli-
cation performance metrics at runtime into generated event logs. Vampir then uses these logs to
construct several timeline and profile views. Since many applications rely on one or more high-
level 1/0 library which depends on underlining I/O layers, a major goal in developing Vampir was
to generate visual displays of multilayer I/O information over the entire I/O stack. These views
include the Master Timeline, Process Timeline, I/O Timeline, I/O Summary, File I/O Metrics

including a Performance Radar, and an 1/O Filter.

2.3.2 Processor-Centric

ChplBlamer [50] is a multi-node performance profiler developed for the Chapel program-
ming language. It uses blame analysis and propagation to designate a percentage of blame to
program variables for various metrics such as CPU cycles, cache misses, and byte transfers based
on variable relationships and interactions within the program’s LLVM IR. It employs PAPI to
sample hardware counters and libunwind to perform a stack-walk from a sampled point of execu-
tion to facilitate the blame. The analysis tool generates a load imbalance as well as both inclusive
and exclusive blame views in order to identify performance bottlenecks that occurred during exe-

cution. Insights from the evaluation of three benchmarks using ChplBlamer led to globalization,
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replication, and localization optimizations and a 4x speedup in LULESH, 1.05x in HPL, and
1.11x in ISx.

CUDABIamer [51] extends the use of blame analysis in ChplBlamer to target CUDA based
GPGPU C applications for detecting performance bottlenecks in the GPU kernels. Since there
is no GPU support for PAPI, NVIDIA CUPTI library was used to sample event counters in
both the GPU hardware and CUDA drivers. CUDABIlamer also relies on CUPTT’s callback API
for inserting analysis code before and after CUDART and CUDA driver functions to identify
the data-dependency relationships between host and device memory to establish complete data-
flow information while constructing the CPU-GPU calling context in order to facilitate blame.
Evaluation of CUDABIlamer’s calling context construction over 16 GPU benchmarks from SHOC
and Rodinia benchmark suites resulted in complete coverage in all but one benchmark. A case
study of the Particlefilter benchmark using CUDABIlamer led to the realization that if read-only
arrays are stored in GPU constant memory, a 46x speedup could be achieved. Similarly with the
Triad benchmark by aggregating multiple operations per thread, much overhead associated with

thread creation and destruction could be eliminated leading to a 1.2x speedup.

2.4 Optimizations

2.4.1 Latency Hiding

T. Rolinger, et. al. [52] presented a compiler generated inspector-executor optimization for
Chapel PGAS programs, which targets read-only irregular memory access patterns within paral-
lel loops. To keep with the high productivity of the Chapel language, a static analyzer identifies

opportunities for optimization within a set of language constraints through non-affine, interproce-
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dural and alias analysis and automatically applies the code transformations. The inspector builds
a communication schedule for each parallel loop over a distributed array by identifying which
memory accesss are remote. The executor uses the communcation schedule to replicate remotely
accessed data to eliminate redundant remote accesses to the same elements. Performance evalu-
ation was conducted with NAS-CG which implements a sparse matrix-vector multiply (SpMV)
and PageRank applications, yielding runtime speedups of 52x on Cray XC and 364x on Linux
with Infiniband. Though the evolution of Rolinger’s research [53] focused on manual implemen-
tion of the inspector-executor technique and [54] introduced the compiler generated optimization.
[55] explored the use Chapel’s Replicated distribution module to address irregular access patterns
in breath-first search and PageRank applications and compared the results with a manually im-
plemented aggregate optimization variant and MPI / OMP versions. The results concluded the
optimizations led to speedups of up to 1219x for BFS and 22x for PageRank.

T. Rolinger, et. al. explored the optimization of irregular access patterns through data
replication and thread migration via Emu system architecture [56]. The Emu system was de-
signed based on Cilk to support an implicit migratory thread architecture for PGAS language
environments to address communication and cache-unfriendly memory access behaviors, such
as irregular accesses [57]. Each compute node is subdivided into highly multi-threaded nodelets
which are managed by a migration engine. Emu also supports data replication on every nodelet
to eliminate the need for thread migration for certain memory address ranges. T. Rolinger, et. al.
prior work introduced a distributed block placement optimization to address read access latency
by selectively replicating block data based on dynamically profiled access patterns, prioritized
to achieve the largest performance gain [58]. The current work extends the authors’ replication

optimization strategy to support write operations as well. Evaluation was performed on SpMV
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and SpGEMM kernels leading to a speedup of 4.2x and 6x respectively. T. Rolinger, et al. also
presents an adaptive prefetch optimization approach for addressing fine-grain communications of
irregular access patterns. The adaptive heuristic uses six adjustable parameters in the prefetch op-
timization. Performance evaluation over IG, SpMv, PR, and SSSP workloads across five systems

demonstrated an improvement of up to 377x [59].

2.4.2 File System

EchoFS [60] [61] is a user-level file system developed by NEXTGenlO EU that allows
HPC applications to benefit from an NVM storage layer transparently by hiding I/O stack com-
plexity. A data scheduler coordinates SLURM with echoFS which supports legacy applications
and provides an API as well for non-legacy applications. EchoFS constructs a collaborative burst
buffer over compute nodes by joining NVM regions assigned by a batch job in SLURM. It au-
tomatically manages data location by loading input files into NVM prior to job execution and
writing persistent output files generated by an application from NVM back to the parallel file
system (PFS) when a job has completed. EchoFS uses pseudo-random file segment distribution
to balance the workload when managing NVM I/O file operations. Since output files are staged
in NVM, peak 1/O operations can be absorbed to avoid PFS bottlenecks while hiding latency and

reducing overhead when managing many small files.

2.4.3 Low-Level

NVM management techniques can reduce write latency and energy usage when initiating
phase change memory (PCM) SET operations well in advance. A SET operation involves heating

crystalline PCM cells from a high-resistance to a low-resistance state so that a write operation
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can be performed. In order to split SET and write operations and hoist the SET operations to
occur earlier, data is required to predict where and to what locations writes will occur [62] [63].

Wear-leveling algorithms have been developed to increase lifetime performance by using
high level file abstractions from the OS and flash translation layer (FTL) in order to deduce update
frequency and regency for better wear-leveling [62] [64]. Another technique balances writes by
allocating a larger number of physical pages for logical pages with higher write counts for PCM
[62] [65]. A third approach tracks the erase frequency of blocks and remaps logical blocks with
low update regency to blocks with high regency [62] [66]. DRAM can be used as a thin layer
to manage performance and wear-out limitations of emerging NVMs [62] [67]. S. Akram et
al. developed a write-rationing garbage collection system to extend the life of NVM by placing
write-intensive objects in DRAM and read-intensive objects in NVM [68].

Faulty block and failure detection techniques can reduce the raw bit error rate by periodi-
cally performing read operations, using ECC to correct page errors in Flash, and remapping them
if necessary [62] [69].

Persistency and consistency techniques include persisting static variable declarations [62]
[70] and separating volatile and non-volatile data to preserve consistency [29] [62]. Persistent
memory or non-volatile memory (NVM) requires no standby power in order to retain its state
unlike DRAM. The persistency of NVM is not only energy efficient, it also allows for the use
of persistent data structures between runs, increasing application reliability through system-wide
defensive checkpoints that reduce the latency of I/O operations by avoiding having to traverse
the interconnection network in order to access a storage area network [71]. However, the typical
drawback to NVM is poor write speed and write endurance. This is particularly true for NAND
single-level cell (SLC) flash memory, a currently widely deployed NVM, that has a write latency
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of five orders of magnitude slower than DRAM with less than a third of the endurance [62] [70].
Emerging NVMs such as phase-change memory (PCM), (magneto) resistive memory (MRAM,
ReRAM), spin-torque transfer memory (STT-RAM), as well as other memory technologies such
as molecular memory, ferroelectric field-effect transistor (FeFET) memory, and carbon-based
nanotube memory attempt to close these gaps [62] [70] [72].

To leverage the best features of both SSD and HDD, one technique is to move only the
performance-critical blocks from HDD to SSD [62] [73]. Additionally low cost, high capacity
HDD and high cost, low capacity SSD can be managed at the same memory hierarchy through a
file storage scheme that moves files based on their access pattern [62] [74]. Other techniques in-
clude storing read-intensive references in SSD while HDD records differences between accessed
and reference blocks [62] [75], utilizing initial block allocation and migration [62] [76], using
statistical modeling to reduce random writes on SSD [62] [77], and employing SSD for random
reads and HDD for sequential reads for virtual memory management to achieve accelerated page

swapping [62] [78].

2.4.4 Energy

A major concern for next generation exascale computing is how to best change the energy
footprint to better utilize energy resources while mitigating the growing need for energy con-
sumption. Dynamic random-access memory (DRAM) is used in virtually all modern computing
architectures. While pervasive, DRAM main memory is one of the largest components of power
consumption for high-performance computing (HPC) systems with an estimated upper bound of
30 to 50 percent, second only to the processor. In order to improve the ratio of computational

power to power consumption, exploration into alternative energy efficient memory solutions is
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essential. Unlike DRAM, persistent or non-volatile memory (NVM) requires no standby power
and can increase application reliability. The target goal for next generation exascale computing
1s 20 MW at 1 Eflops or 50 Gflops/W, requiring an improvement of several orders of magnitude
in power efficiency [71]. In 2022 the Hewlett Packard Enterprise Frontier (OLCFE-5) launched at
Oak Ridge National Laboratory (ORNL). Each node consists of 512GB of DDR4, 4TB of flash
memory, and 128GB of GPU memory [79]. Frontier has a total of 9,408 compute nodes [79],
boosts a peak performance of 1.6 exaflops [2], and has an aggregate system power of 22,786 kW
[3].

NV-SCAVENGER [80] is a binary instrumentation tool that statistically analyzes the access
patterns of memory objects in the heap and stack, and feds a memory power and performance
simulator in real-time. Four scientific applications were chosen for the evaluation. Simulation
results indicated a power savings of at least 27% while the performance loss from a memory
latency increase of 20% was negligible, double latency resulted in 5% loss, and high latency had

an upper bound of 25% degradation.

23



Chapter 3: Chapel Language

3.1 Overview

In this chapter I describe a bit about the Chapel programming language and features of the
language that will be used or modified in the work described in the rest of this dissertation. I
also provide an overview of the Chapel compilation strategy and runtime libraries Chapel stands
for Cascade High Productivity Language and was developed by Cray, Inc as a part of DARPA’s
High Productivity Computing Systems (HPCS) program. It’s a high-level parallel programming
language and framework that operates over a shared memory environment for high-end parallel
systems. Chapel provides intuitive parallel language constructs that are designed to increase the
developer’s productivity when writing High Performance Computing (HPC) applications while

better separating algorithmic and data structure implementation [81].

3.2 Locality

In Chapel a locale can be described as an abstract unit of parallel architecture capable of
multithreaded computations and can access local memory uniformly [82]. The term single-locale
refers to the use of a single shared memory compute environment where only one locale handles

the entire program’s execution. On the other hand, multi-locale refers to an array of locale units



connected via a cluster of network-connected nodes, usually assigned as one per compute node
[83]. Different mappings are possible, such as performing a multi-locale execution using two
or more locales on a single compute node. Chapel relies on a primary node to begin execution
and handle the main / sequential parts of a Chapel program. Chapel provides global variables

LocaleSpace, Locales, and numLocales for managing top-level locales.

3.3 Data Parallelism

In Chapel, data parallelism performs multithreaded, concurrent data operations in parallel
on distributed logical datasets over multiple processors and compute nodes. The Chapel language
provides a forall loop construct to allow developers to explicitly implement parallel iterators at a

high level that utilize data level parallelism [84] [85].

3.3.1 Range and Domain

A Chapel range represents an interval for a sequential set of integer values that facilitate
the iterations of for, forall, and coforall loops. A range can either be bounded or unbounded
and contain properties for low bound minimum value, high bound maximum value, step or stride
indicated with by, and align for alignment with the base range. If the stride is positive then the
alignment is based on the low bound and if negative then the high bound. A finite sequence of
integers can be generated for unbound ranges by using the count operator indicated by #. There
are also range intersection, shift, and comparison operators. Range intersection slices one range
by another, producing a new range and for range shift the value will be added to the bounds of the

new range [86]. Listing 3.1 provides range examples and the sequential integer sets they produce.
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Listing 3.1: Examples of range and domain ‘

var rangel = 0..10 by 2 align 0; // 0, 2, 4, 6, 8, 10

var range2 = 0..10 by -2 align 1; // 9, 7, 5, 3, 1

var range3 = 3. by 3 # 5; // 3, 6, 9, 12, 15

var ranged = (0 0)[..6 by 271; // 0, 2, 4, 6

var range5 = (O..lO) + 3; // 3..13

forall i in rangel { ... }

const denseDom: domain(2) = {1..n, 1..m};

var sparseDom: sparse subdomain (denseDom) = [(2,3), ..., (63, 91)1]1;
var sparseMatrix[sparseDom];

forall x in sparseMatrix { ... }

The domain is an index set constructed from one or more ranges. It serves as one of the
cornerstone language features of data parallelism since domains are used to define the size and
shape of both local and distributed arrays, which given a domain become iterable. Chapel pro-
vides support for rectangular domains, strided domains, subdomains, sparse subdomains, asso-
ciative domains, and opaque domains [81]. A sparse subdomain should be populated with values
based on the parent domain’s index type and is otherwise empty by default [87]. Both ranges and

domains can be used to determine the characteristics when declaring an array in Chapel.

3.3.2 Distribution and Domain Map

Chapel is a partitioned global address space (PGAS) language that relies on a partitioned,
shared memory model over compute nodes. Chapel developers often employ built-in distribution
strategy modules for mapping the physical location and management of their data structures on
the PGAS. For instance block distribution (BlockDist) uses a bounding box domain to partition
indices into blocks for mapping onto either a specified set of target locales or otherwise all lo-

cales. Block distributions can be either 1D or multi-dimensional, in which case each index is
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represented by a tuple of values. It also provides support for sparse subdomains [88]. Cyclic
distribution (CyclicDist) uses a round-robin approach beginning with a starting index parameter
value for mapping a distribution over a specified or unspecified set of locales [89]. A domain
map is an iterable layout or distribution over a data structure’s indices and elements that deter-
mines on which locale they reside and how they are accessed and iterated [90]. Domain map is
referenced by the dmapped clause which facilitates the definition of a mapped domain type and

how a domain will be distributed [90].

Listing 3.2: 2D Dense Matrix-Matrix Multiplication using Block Distribution (Chapel v1.22)

use BlockDist;
use Random;

config const n = 1000;

const S = {1l..n, 1..n};

const D = S dmapped Block (boundingBox=S) ;
var A, B, C: [D] real;

fillRandom (A) ;
fillRandom (B) ;

forall (i,3j) in D do
for k in 1..n do
Cli,J] += A[i,k] » B[k, Jl;

Listing 3.2 illustrates how to apply a domain to define 2D matrices that are block distributed
over locales. 'n’ is a constant that can be configured (i.e. set) at the beginning of the execution.
The constant ’S’ is inferred as a 2D domain literal by assignment and is composed out of two
ranges from 1 to n. It is used when defining the distributed domain D’. ’Block’ and ’bounding-
Box’ denote how the domain is mapped over locales (e.g. compute nodes). The resulting domain

instance is used to instantiate three block distributed two-dimensional matrices of a million ele-
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ments each. Two-tupled indices are used to perform matrix multiplication over the domain 'D’.

Azad et al. [91] derives a sparse matrix-vector multiplication (SpMV) implementation in Chapel.

3.3.3 Forall Loops

In Chapel a for loop represents a serial execution via a single task over an iterator method
such as a range, domain, or array. A forall loop provides explicit support for data level paral-
lelism, where iterations are mapped to tasks (e.g. units of work) based on its iterand expression
and executed in parallel [92]. The zipper iteration feature allows support for serial and parallel
processing of two or more iterators of the same size within a loop, where the schedule is de-
termined by the first iterand [92]. Chapel supports reduction operations and user-defined class
extensions to reduction to allow efficient consolidation and aggregation of values from different
locales (separate memory spaces). Reduce intents refers to a reduction operation that uses any

variable declared outside of the scope of a forall loop [93].

Listing 3.3: Example of forall, zipper iterator, and reduce. ‘

config const n = 1000000;
var U, V: [1l..n] real;
var s: real = 0;

forall (u, v) in zip (U, V) with (+ reduce s) do
s += u *x vy

Listing 3.3 demonstrates a dot product between two vectors, implemented via a reduction
operation which explicitly uses a forall loop and zip iterator over the elements of vector U and
V. For each iteration, the zip iterator provides the element values in a tuple, which are multiplied

together and added to the sum. Since the forall loop is parallel, the reduce operator and variable
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need to be specified to avoid data race conditions.

Listing 3.4: Implicit Parallel Operation with Promotion

s = (+ reduce (U x V));

Listing 3.4 performs the same dot product calculation as in listing 3.3. However, in this case
the multiply and reduce operators use a term in Chapel’s data-parallelism known as a promotion.
A promotion occurs when a function or operator expecting a scalar instead receives an iterable
with the same element type [84]. For this example, an implicit parallel process multiplies all of
the coorsponding elements for vectors U and V and then performs a summation over the output

vector.

3.4 Task Parallelism

In contrast to data parallelism, task parallelism focuses on the distribution and parallel
processing of tasks over multiple processors and nodes. A task is an abstract computational unit
of work that is often processed along with other tasks during parallel execution. A primary task
is responsible for running the main parts of a Chapel program and exists throughout the entire
duration of execution. Most tasks however are short-lived and can be nested inside other tasks.
The program developer can create tasks through the use of Chapel language constructs such as a

coforall loop, begin, and cobegin statements. [94]
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3.4.1 Begin and Cobegin

The begin statement is a prefix that allows the execution of a child statement (e.g. a block
statement) by creating an unstructured task that runs along with the task that called it. The begin
task is non-blocking, allowing the parent task to continue with execution. However, because of
this the two tasks will not be synchronized. Chapel also supports nested tasks with the begin
statement [95].

In contrast, the cobegin statement relies on concurrent, unsynchronized, heterogeneous
task execution over a series of statements. For each statement within the cobegin block a child
task is created to execute it’s corresponding statement in parallel. Unlike begin, cobegin does not
allow the parent task to continue until all children tasks immediately related to the cobegin have
completed. Nested begin statements embedded in a cobegin statment are not subject to this rule

and therefore will execute tasks asychronously [96].

3.4.2 Coforall Loop

In a coforall statement, homogeneous tasks are created from loop iterations for parallel
execution. In contrast to the forall statement which maps iterations to tasks, in coforall a unique
task is created for each iteration of the loop. Each task will execute the body of the loop concur-
rently. Similar to cobegin, the coforall statement will not allow the parent task to continue until
all directly related tasks are complete [97].

Listing 3.5 is an example of a coforall statement over the Locales array. The numLocales
and the Locales array are provided by internal Chapel modules. The coforall creates a separate

task for each locale, specified by loc. The on clause will designate the given task to be executed
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Listing 3.5: Example of coforall, on, and locales.

coforall loc in Locales do
on loc do
writeln ("Node ID: ", loc.id, " out of ", numLocales);

on the locale provided, which in this case prints the identifier of the locale that processed the task.

3.4.3 Thread Safety

Chapel provides support for atomic variables via the atomic type qualifier which can be
applied to bool, int, uint, and real primitive types. Atomics include thread-safe fetching and non
fetching operations for addition, subtraction, bit-wise or, bit-wise and, and bit-wise xor as well
as read, write, exchange, compare and swap, and test and set methods [98]. A sync variable
denoted by a sync type qualifier, operates as a mutex that blocks the current task from proceeding
if read when the current state is ’empty’ or writing when already "full’. It can be used as a lock
or to create a barrier. By convention a ’$’ suffix should be added to the name for identifying a
sync variable [99]. Atomic and sync variables will reside on one locale and are enforced when

accessed remotely over the PGAS.

3.5 Framework

Compiler: The Chapel compiler is a powerful tool designed to produce scalable HPC
parallel applications written in the Chapel language. Since Chapel uses high-level expressions
to describe complex parallel operations, the compiler must deal with the implementation and
optimization details to scale for every execution scenario involving computational resource avail-
ability. Chapel version 1.22 comes with a 42 pass compiler and Chapel version 2.0 compiler has
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41 passes, as serveral passes were combined in the more recent update. The Chapel compiler
provides two backend options for producing a binary, a LLVM backend compiled with clang and
a C code generation which can be compiled with a C compiler such as gcc.

Modules: Chapel modules extend the Chapel language by providing additional function-
ality such as distributed mapping strategies and serves as a Chapel / C interopability conduit for
allowing the instrumentation and execution of runtime subroutines. When a Chapel program is
compiled, the Chapel source files (e.g. user modules) are combined with internal Chapel mod-
ules dependencies. In addition, Chapel provides a use clause to specify modules that the program
source relies on (e.g. use BlockDist).

Runtime: The Chapel runtime is a framework that relies on internal implementations and
third-party libraries when providing different options for memory, task management, and com-
munication. It is also responsible for the Chapel program’s execution via a compiler generated
main function that calls user module initialization and the user main.

The Chapel runtime provides network cache support to reduce communication overhead
of remote operations when accessing distributed structures over the PGAS. This option can be
enabled in the Chapel compiler by using cache-remote. The cache provides aggregation, write
behind, and read ahead features at runtime which can cut down on the number of remote com-
munications [100].

A wide reference is a pointer on the PGAS which is comprised of a locale identifier and

memory address defined through a localeModel and can also be extended for NUMA support.
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3.5.1 Task Management

Chapel provides two task layer options for managing tasks, FIFO and Qthreads. FIFO task
management uses pthreads to execute tasks concurrently. Tasks are queued in a pool where each
one is retrieved by a thread once the previous task is complete. The number of threads per locale
(e.g. compute node) can be controlled explictly through environment variables. By default one
thread per CPU core will be created and live for the entire duration of the program’s execution.
Threads that are not executing tasks will remain idle until a task becomes available [101]. FIFO
tasking is fully implemented in the Chapel runtime framework, making it ideal for monitoring
and performance profiling at the task or thread level.

The Qthreads API was developed by Sandia National Laboratories and provides a POSIX
implementation for managing tasks [102]. It is included in the Chapel distribution as a third party
library and utilized by Chapel’s runtime task management layer. Tasks are managed by shepherd
threads and delegated to worker threads. Worker threads can either be distributed over CPU cores

or processing units [101].

3.5.2 Communication Layer

GASNet was developed by Lawrence Berkeley National Laboratory as a communication
framework that supports remote memory access and active message for PGAS languages. GAS-
Net extended API provides ’conduits’ or device specific implementations for OpenIB and Open-
Fabrics for InfiniBand, Cray XC Aries, MPI, UDP, and simulated multi-locale. PGAS get and
put operations are facilitated by one-sided, RMA communications. Chapel provides GASNet in

its distribution and can be configured through environment variables [103] [104] [105].
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Chapter 4: Persistent Memory in the Chapel Language

NVM is an emerging techology that offers persistency, lower power usage, and a much
larger capacity than DRAM main memory but at a slower latency, at least for now. In this chap-
ter, I will discuss the introduction of a new type qualifier persist, language semantics, and com-
piler passes as well as transaction and checkpoint systems that utilize Intel’s Persistent Memory

Development Kit (PMDK) to provide NVM support for the Chapel PGAS language.

4.1 Persistent Memory Semantics for the Chapel Language

The type qualifier persist introduces an explicit programmatic approach for supporting
persistent memory objects in the Chapel language. This type qualifier can be applied to Chapel
records, classes, unions, tuples, ranges, domains, associative domains, sparse domains, domain
maps, arrays, and primitive types. It can be used on variable or constant declarations and in con-
junction with other declaration prefixes such as con fig or extern and type qualifiers like atomic
or sync. However, persist must precede other type qualifiers. The persist type qualifier can also
be applied to the new keyword when instantiating classes and records. Classes already provide
a memory management strategy using owned, shared, unmanaged, and borrowed qualifiers
and have been extended to support persistent memory. Persistency works for both explicit and

implicit type declarations. Listing 4.1 illustrates the use of persist type qualifier.



Listing 4.1: Adding the Persist Type Qualifier

var a : persist atomic real;
var s$ : persist sync int;
var ¢ = new persist owned MyClass () ;

During runtime, persistent memory objects will be allocated for user-defined variables that
use the persist type qualifier and stored in a nonvolatile memory space. Through PMDK, per-
sistent memory objects can be accessed in a byte addressable way consistent with how volatile
memory is accessed in Chapel. If persistent memory has been disabled or the framework config-
uration does not include PMDK then persist type qualifiers in a Chapel program will simply be

ignored by the Chapel compiler when generating the binary.

Listing 4.2: Partial Persistency is not Allowed

// Incorrect Usage
record Point {
var x : persist real;
var y : real;
}

var p : Point;

// Correct Usage

record Point { wvar x, y : real; }

var pl : Point;

var p2 : persist Point = {0.5, 2.3};

var p3 = new persist Point (1.0, 2.0); // Implicit Persistency
var p4 : persist (real, real);

Since class and record instantiations can exist in volatile space, which in the unlikely event
of a runtime fault will be lost, applying the persist qualifier to fields is not allowed. Instead,
persistency should be applied to the entire class, record, union, or tuple, which will automatically

make all fields and subfields persistent. An example has been provided in listing 4.2.
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Listing 4.3: Consistency with Persistency

config const n : int = 100;
var D : persist domain(2) = {1..n, 1..n};
var : persist sparse subdomain (D) ;

S
var A : persist [S] Point;
var B : persist [1..5] int = [6, 7, 2, 4, 5];

Chapel domains and arrays are interconnected. Domains are used to declare arrays and
when the bounds of a domain are dynamically altered all associated arrays are automatically
reallocated. Therefore the persist type qualifier must be consistently applied by the developer to
both domains and arrays when storing array memory objects in a nonvolatile memory space. If an
array is persistent then any associated domains must also use the matching persist type qualifier
and vice versa. The persist keyword must precede any array brackets and will allow all array
elements to take on the persistent property. Also, any sparse domain derived from a persistent

domain must also consistently use the persist type qualifier. See listing 4.3 for examples.

Listing 4.4: Implicit and Explicit Persistency

config const n : int = 32;
config const m : int 1024;

// Implicit

var r = 1..n;

var s = 1..m;

var A : persist [{r, s}] real;

// Explicit
var P : persist domain (1)

{1..n};

var Q : persist domain(l) = {1..m};

var R : persist domain(2) = {1..n, 1..m};
var B : persist [R] real;

var C : persist [P, Q] real;

var D : persist [P][Q] real;
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Ranges do not need to be persistent in order to be used to declare a persistent domain.
However in the event a range is used to declare a persistent array, the internally generated domain
associated with that array will implicitly take on the persist type qualifier. Listing 4.4 show
examples of how range can be used to build domains and arrays. Although illustrated, due to

issues with internal complexity persistency in double arrays are not supported at this time.

Listing 4.5: Inheritance and Persistency

use BlockDist;

config const n : int = 100;

var D : persist domain(l) = {1..n};
var B : persist D dmapped Block (D);
var A : persist [B] real;

Finally, domain mapping strategies for distributed PGAS data structures designated to be
stored in nonvolatile memory space must use persistent domains in their declarations. Memory
objects associated with a distributed array on the PGAS will be stored in persistent memory on
their assigned nodes consistent with the chosen mapping strategy. This assumes the architecture
provides homogeneous support for NVM.

The persist type qualifier should only be applied to global declarations. Otherwise the
entire stack frame hierarchy over all threads would need to be stored in persistent memory in order
to properly map and restore local persistent allocations bounded to function calls. Therefore,
there is no support for local persistent declarations at this time. However, in the future I may
consider supporting local persistent declarations in a similar way to how static variables operate
in the C language. In this scenario, a persistent allocation would be perserved beyond the scope

of the invocation and accessible in subsequent calls.
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4.2 Supporting Persistent Memory in Chapel

In order for developers to make the best use of NVM resources, my solution incorpo-
rates persistent memory into the Chapel PGAS language by providing an intuitive, programmatic
approach centered around the ideas of portability and ease of use while encapsulating imple-
mentation details behind the Chapel runtime framework. Applications that declare user-defined
variables with the persist type qualifier will have byte addressable access to allocated persistent
memory objects on the PGAS managed in the same way Chapel handles DRAM allocated heap
objects. This methodology provides a seamless and transparent process for developers to utilize
persistent memory resources.

I present Loci, a persistent memory library which utilizes PMDK for NVM support while
hiding the underlining complexity and I/O NVM interface. The name "Loci’ was derived from
the method of loci’ or 'memory palace’, highly regarded by ancient philosophers as a strategy for
improving one’s ability to recall information, particularly during the discourse of debate. Analo-
gous to this method, my Loci library enhances the memory capability of the Chapel language by
introducing NVM support to create a hybrid-PGAS memory space that can scale over a parallel,
distributed computing architecture. Loci employs the libpmemobj library from PMDK to utilize
NVM technology and can even emulate NVM by turning the hard drives of compute nodes on
a cluster into a persistent, byte addressable, partitioned, shared memory environment. The Loci
library has been integrated into the Chapel runtime framework and provides an interface which
is streamlined for compiler instrumentation of various runtime functions that implement persis-
tent memory. New passes have been introduced into the Chapel compiler that utilize an internal

persistent memory module to instrument NVM support via Loci runtime subroutines.
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Fig. 4.1: Overview of the Chapel Framework with Persistent Memory Support

Figure 4.1 illustrates how the Locti library and persistent memory fits into the larger picture
of the Chapel language. When compiling a Chapel program the Chapel compiler combines the
program’s source files (user modules) with relevant Chapel module dependencies. During run-
time execution, all dynamic allocations for user-defined variables that are stored on the PGAS
are accessible through wide references. A wide reference is composed of a locale id and a virtual
memory address, which is used to access both local and remote shared memory resources. The

subsequent subsections will explain how persistent memory is incorporated into this model.

39



4.2.1 Persistent Compiler Passes

The semantics of the language and compiler have been expanded through the introduction
of a new language abstraction and type qualifier that allows a developer to easily and intuitively
utilize persistent memory. By adding persist type qualifier to variable declarations in the Chapel
language, the compiler semantics will generate the appropriate memory access calls for the cor-
responding memory components on the same compute node and across compute nodes over the
PGAS. This addition still supports legacy code since allocations made from declarations that do
not use the persist type qualifier are designated to be stored in volatile space by default. If
the distributed computing architecture either does not provide resources to host NVM or Chapel
support for NVM has been explicitly disabled by the Chapel pmem enable environment variable
described in subsection 4.2.1, the persist type qualifier is ignored and main memory is used
instead. From the developer’s perspective, providing the option to utilize NVM through a gen-
eral Chapel type qualifier for variable declaration is sufficient enough to provide a portable and
programmatic approach to allocating and utilizing different types of memory resources.

Three new Chapel compiler passes were introduced to facilitate static analysis and instru-
mentation of persistent memory for Chapel applications. The first pass instruments placeholder
runtime calls to procedures in the persistent memory module that will be used much later in the
advance stages of the compiler, after wide references have been inserted. The persistent memory
module acts as a conduit between compiler generation and runtime functionality of persistent
memory. These placeholders are added to the compiler generated main function immediately
after its creation, to absolutely ensure these functions are not pruned by intermediate compiler

passes. Also a compiler directive no prune extern has been added to preserve Chapel to C
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interoperability extern declarations between the persistent memory module and Loci runtime
structures and functions.

The primary persistency pass occurs right after the function and intents resolution passes.
This persistent memory pass is responsible for building a definition list based on persistent user-
defined variable declarations identified by FLAG_PERSIST (introduced by GNU Bison while
parsing the Chapel source), acquiring the AST of the persistency module, adding the Loci deini-
tialization call to close out the NVM heap, generating NVM program root and memory context
structures, and instrumenting memory context switch. Instrument context switch is responsible
for finding all call expressions to Chapel runtime memory allocation functions, inserting controls
for executing Loci persistent memory allocation, instrumenting root assignments to user-defined
global variables inside the primary user initialization module, and adding memory context switch-
ing. Due to unforseen complexities, both top down and bottom up propagation of memory context
along the call paths between assignments in user module initialization and Chapel allocation calls
could not ensure that all allocations were performed in the correct designation. Therefore, mem-
ory context switching was added as a catch all solution. Once defined with a persistent heap
identifier all subsequent memory will be allocated in the specified persistent memory space until
the memory context is switched back to main memory.

The final persistency pass was added right after the insert wide reference pass (remotely
addressable references across locales). The primary role of this pass is to resolve persistent
allocation calls to Loci for wide reference types and generate remapping functions for all effected
structures. It is also responsible for generating an entry point function for initializing the Loci

library, which is executed very early inside the initialization of the Chapel runtime framework.
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4.2.2 Byte Addressable Persistent Transactional Memory

The Loci library utilizes libpmemobj from PMDK to create and manage transactional per-
sistent memory object stores on compute nodes for a DRAM-NVM hybrid-PGAS environment.
PMDK’s libpmemobj is a persistent memory transactional object store library implemented in
C that provides functionality for dynamic allocations, transactional operations, and management
using direct access (DAX) to persistent memory objects [106] [107] [108]. By employing libp-
memobj functionality, Loci serves as an intermediate layer in the Chapel runtime framework for

handling persistent transactions.

Listing 4.6: Loci Transactional Dynamic Allocation of Persistent Memory

void* loci_alloc(...
chpl_sync_lock (&loci_heap->alloc_lock);

TX_BEGIN(loci_heap->pool) {...
*0ldp = pmemobj_tx_alloc(len, type_num);
addr = pmemobj_direct (xoidp);

} TX_ONABORT {
perror ("ERROR: Transaction aborted in loci_alloc");
fflush (stderr);
*0oidp = OID_NULL;
addr = NULL;
} TX_END

chpl_sync_unlock (&loci_heap->alloc_lock);

return addr;

Listing 4.6 is a code snippet from Loci’s transactional allocation of a persistent heap object.
The libpmemobj library provides access to a transactional object store via a persistent memory
pool and performs all necessary mmap operations to a heap file behind the scenes [106] [109].
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Code block execution is available at each stage of the transaction’s life cycle [110]. Once begun,
a transactional allocation to NVM returns a PMEMoid value (e.g. object handle) to a persis-
tent object. If the transaction aborts, then the error is logged and the object handle is set to
OID_NULL.

A PMEMoid is a globally unique persistent memory object identifier that represents an
object that has been allocated from a persistent memory pool. Given an object handle, the pmem-
obj_direct() function will calculate a byte addressable pointer in virtual memory to the persistent
object via DAX. When this address is returned, the program and runtime framework will handle
the reference to the persistent object in the same way main memory heap objects are managed.
Assigning the direct pointer to a wide reference allows for a uniform programmatic approach for
accessing both DRAM and NVM objects on the PGAS. Therefore, from the perspective of the
Chapel runtime framework, Chapel program, and developers, access to persistent objects will be
seamless and transparent. With this approach the Chapel runtime framework is flexible enough
to handle both DRAM and NVM objects when executing a hybrid PGAS application.

Listing 4.7 shows the partial implementation of Loci’s transactional memmove function.
All memmove calls in the Chapel gen_comm subroutines have been replaced with Loci trans-
actional memmove invocations which handle both DRAM and NVM addresses. However, the
transaction macros are only used when either the source or destination address references a per-
sistent object. The purpose of the gen_comm functions is to provide access to objects via wide
references and are instrumented throughout a Chapel program by the compiler to handle both lo-
cal and remote accesses to shared memory resources. During the transactional operation in Loci,
memmove is called and upon commit the destination is flushed back to memory. An explicit com-

mit request can only be made during the work stage [110] of the current open transaction [111]
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Listing 4.7: Loci Transactional Memmove Function

voidx loci_tx _memmove (...

if ((loci_heap->status & HEAP_USE_TX_SYSTEM) == 0)
return memmove (dst, src, len);

// check to see if src and / or dst are in persistent memory
src_in_heap = loci_addr_in_heap_range (heapID, src, len);
dst_in_heap = loci_addr_in_heap_range (heapID, dst, len);

// perform a regular memmove 1f both src and dst are in DRAM
if ((src_in_heap == 0) && (dst_in_heap == 0))
return memmove (dst, src, len);

TX_BEGIN (loci_heap->pool) {
if (dst_in_heap)
pmemobj_tx_add_range_direct (dst, len);

ret = memmove (dst, src, len);

if (dst_in_heap)
pmemobj_tx_commit () ;
} TX_ONCOMMIT {
if (pmem_is_pmem(dst, len))
pmem_persist (dst, len);
else
pmem_msync (dst, len);
} TX_ONABORT {
perror ("ERROR: Transaction aborted in loci_tx_memmove");
fflush (stderr);

ret = NULL;
} TX_END

return ret;
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and only the thread that began the transaction has access to it. In the event that the transaction
is aborted, an error message will be generated and the function will return a NULL value. For
example, if given an invalid address that references an object which has been previously freed
then the transaction will abort.

To manage concurrency, Chapel provides atomic and sync language features to developers
and also uses them within its internal modules and runtime framework. GASNet is a communi-
cation layer option in Chapel which also handles concurrency and prevents data race conditions
for remote accesses to shared memory on the PGAS. The transactional object store support from
libpmemobj ensures operations for wide references to persistent objects have ACID properties.
When combined, concurrency of persistent memory can be enforced across all compute nodes.
The implementation of a transactional persistent memory with ACID properties is important for

the NVM-based checkpoint and recovery system in section 4.3.

4.2.3 NVM and SLURM Configuration Options

Environment variables were added to control various features of persistent memory and
the checkpoint system, as illustrated in both this subsection and in subsection 4.3.2. This allows
developers the ability to customize their runtime executions without needing to recompile the
program. The only exception to this is the toggling of persistent memory support as it requires
compiler instrumentation.

CHPL_LOCI_PMEM _ENABLE: Setting this environment variable to true enables the persistency
compiler passes to instrument persistent memory support into a Chapel program. Undefined or
a value of false disables NVM support and any persist type qualifier that exists in the Chapel

source will be ignored. Thus, all allocations will be made to main memory instead. To take effect,
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enabling and disabling persistent memory requires the Chapel program to be recompiled.
CHPL_LOCI_PMEM _HEAP _SIZE: This variable sets the byte size of the NV heap file for each
compute node without the need to recompile the Chapel program.

CHPL_LOCI_DEBUG: Logs additional information generated by the Loci library.

Chapel provides the ability to compile a program launcher binary that will generate and
launch a SLURM job using sbatch. However, the options for configuring the sbatch file were
rather limited. Out of necessity, slurm-gasnetrun_ibv launcher in Chapel has been expanded with
new launch options for building sbatch files.

CHPL_LAUNCHER NODE_ACCESS=oversubscribe: By default, Chapel generates and launches
sbatch jobs with exclusive access to all resources on a compute node. However, if not all resources

were intended to be used then allocated CPU hours will be unnecessarily spent rather quickly.

Therefore, an option was added to allow Chapel executions to share compute node resources with

other SLURM jobs.

CHPL_LAUNCHER_MEM_PER _CPU: Setting this environment variable specifies the amount of

memory needed per CPU when launching a Chapel application.

CHPL_LAUNCHER_MEM _PER_LOCALE: As an alternative to specifying memory per CPU,

the amount of memory needed can be specified per locale.

4.3 Checkpoint System

I have developed a checkpoint module and runtime functionality that provides an interface
to checkpoint operations for Chapel developers who want to control how checkpoint performs

in their program. This module serves as a Chapel / C interoperability layer for binding and

46



invoking the underlying runtime checkpoint routines implemented in the Loci library. It provides
the developer with the means to programmatically specify where and how often a checkpoint
should occur in their program. In the event of a system failure, recovery from the last restore
point will automatically occur in the subsequent execution. Checkpoint should only be invoked
within a sequential part of the program.

When checkpoint occurs, all persistent objects are flushed to the NVM environment and
the active NV heap files for each compute node are stored at a predesignated backup location.
This designation can be set before the execution begins using the shared basepath environment
variable in subsection 4.3.2. Device basepath provides the option to designate active NV heaps to
any desired location, not just on the compute nodes. NV heap files not only contain all persistent
memory allocations, but also a map of all metadata to persistent objects from the last execution
which is accessible from the persistent memory pool’s root object upon loading the file. This
bookkeeping is responsible for mapping both local and distributed persistent objects to their
respective or new compute node resources in the subsequent execution. PMDK’s libpmemobj
library is used to manage the NVM structures respective to their NV heap files.

The transaction system maintains an account of persistent allocations, object handles, and
their associated virtual memory references. If the execution prematurely terminates, a subsequent
run will retrieve the last restore point, map and load NV heap files for each compute node and per-
form remapping operations over the distributed allocation map to provide the program with new
virtual references based on object handles. Since PMEMoid object handles are globally unique,
theoretically they can be referenced from separate heap files across compute nodes. However, in

this approach their derived virtual references simply need to be updated by their respective locale.
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4.3.1 How it Works
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Fig. 4.2: Backup and Restore of NV Heaps

My checkpoint system was designed to handle NVM local to compute nodes. Figure 4.2
illustrates how checkpoint and recovery works in Chapel to achieve an exact state reconstruction.
The numbers represent the steps performed for checkpoint and restore operations. During the
checkpoint operation, all persistent memory objects in the NV pool are flushed to NVM on each
compute node. Then NV heap files are stored to a predesignated shared storage environment such
as a parallel file system. This is important because in the event that a compute node fails, the data

needs to be recoverable. Additionally, subsequent recovery will likely be given a different map-
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ping of computing resources. Thus NV heaps must be restored in a way that is consistent with
the NVM-PGAS environment of previous execution mapped to the new configuration. Then the
NV heap on each compute node can be loaded as an NV pool in the program’s virtual memory
on DRAM. Finally to complete the restoration, at the beginning of a consecutive run any refer-
ences to persistent memory objects between NV pools across compute nodes will also need to be
remapped before execution can commence.

Reference remapping requires a comprehensive approach involving additions to both the
Chapel compiler and runtime framework. When a persistent object is created, the persistent
pointer (PMEMoid) for that allocation along with it’s direct pointer are recorded to the NV heap.
A direct pointer can be computed from a persistent pointer using pmemobj_direct() provided by
the libpmemobj library from PMDK and is a byte-addressable virtual memory reference to a
persistent object that exists in an NV pool during a program’s execution. The Chapel compiler
generated program code uses pointers to reference all heap allocations. To minimize the number
of changes to the Chapel framework, a direct pointer is returned when a persistent allocation is
made. The problem comes into focus when an NV pool is loaded in a consecutive execution and
the direct pointers to persistent objects from the previous execution are no longer valid. A persis-
tent pointer for the referred persistent object is required to produce the new direct pointer address.
The remapping process attempts to resolve this for all persitent objects. This involves processing
all of the allocations recorded to the NV heap and following through structures and substructures
of each persistent object via compiler generated mapping functions. The allocation bookkeeping
allows direct pointer resolution via reverse lookup to find it’s corresponding persistent pointer.
Wide references that contain direct pointers to persistent objects must also be resolved across NV

pools on other compute nodes.
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Figure 4.3 details how the remapper works. A persistent pass performs static analysis
to identify aggregate types that are associated with either the compiler generated program root
or runtime memory allocation call expressions, to establish a list of starting points. A remap
function is generated to handle the fields of each aggregate type and new aggregate types that are
discovered along the way are also added to this list to be processed.

At runtime, remapping only takes place in a consecutive execution. My persistent memory
library must be loaded as early as possible to handle runtime framework heap objects, such as the
Chapel private objects array. However, initializing the library requires the size of the compiler
generated persistent program root to be known. Therefore, support was added to the Chapel com-
piler via a new persistent pass that generates an entry point function into the program to initialize
persistent memory, which is called inside the Chapel runtime initialization. The remapping pro-
cess takes place very early in the execution. Heap allocate globals and compiler generated main
are several entry points into the program from the Chapel runtime framework that are called later
on. However, instead of allocating persistent objects, remapped direct pointers are assigned to
the program’s global references of user-defined variables by the persistent program root. The rest
of the compiler and runtime then handles the byte-addressable persistent objects in the same way

as volatile heap objects.

4.3.2 Checkpoint Configuration Options

CHPL_LOCI_PMEM _ENABLE_REMAPPER: Setting this environment variable to true or false
will enable or disable the remapper for checkpoint and recovery. When enabled, corresponding
NV heaps can be retrieved and loaded for the remapping process in a subesquent execution.

Otherwise when disabled, each execution will add it’s process id as a suffix to the NV heap file
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naming convention. This allows for simultaneous executions of the same Chapel program on the
same compute node resources without heap interference.

CHPL_LOCI_PMEM _STORE_RUNTIME_OBJECTS: This variable informs the Loci persistent
memory library whether or not to store Chapel runtime objects such as privatization lists in per-
sistent memory for remapping in a subsequent execution. This environment variable is ignored if
privatization has been disabled through the Chapel compiler.
CHPL_LOCI_PMEM _ENABLE TIMERS: Enables logging of timing values for various opera-
tions within the checkpoint and recovery process.

CHPL_LOCI_DEVICE _BASEPATH: The device basepath environment variable specifies the path
where the active NV heap file will reside for each compute node.
CHPL_LOCI_SHARED_BASEPATH: Shared basepath specifies where all NV heap files will be
stored when checkpoint takes place. Although not required, storing these files in a location remote
from the compute nodes provides the option for immedate recovery in the event a compute node
fails and is not accessible for a period of time. Stored heap files are given a ’_backup’ suffix to

allow the device and shared basepath to be the same.

4.4 Future considerations

Future work could involve extending support to heterogeneous architectures where only a
subset of the compute nodes provide NVM support. However, new domain mapping strategies
will need to be developed to store the persistent allocations of distributed user-defined NVM
structures on the PGAS while ensuring persistency. This will introduce new challenges for task

and data locality. Therefore, for the scope of this research I have focused on homogeneous
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environments.

My current approach to transactional memmove performs a commit and flush at the end of
each persistent write operation. However, according to the PMDK documentation [111], trans-
actions can be nested inside of other transactions so long as they pertain to the same thread. This
provides an opportunity to explore an optimization strategy for the transaction system. In addi-
tion to the transaction macros illustrated in listings 4.6 and 4.7, libpmemobj provides functions
to begin, commit, end, and post process a transaction [111]. Although a forall loop is parallel, the
Chapel compiler will generate a corresponding function that contain a sequential loop, which is
executed per thread. Therefore, through careful instrumentation, transaction functions (via Loci)
can be used to establish an outer transaction over a sequential loop, thereby allowing commit and
aggregate flush operations to be performed at the end of that loop, but still within the same thread.
This is important because the data should be maintained in a cache for as long as possible to hide

the latencies of slower memory and improve the overall performance.
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Chapter 5:  Profiling System

As parallel programming languages become higher level and powerful language features
abstract details away, the job of the developer to implement HPC applications becomes easier.
However, when high level parallel programs exhibit performance issues, understanding the root
of the problem becomes more difficult because of all the abstraction layers. Adding new memory
types such as the persistent memory that I proposed in this dissertation only further complicates
performance tuning. In this chapter I describe a data-centric profiling tool that I have developed
to help identify performance problems in the Chapel language for traditional DRAM-PGAS en-
vironments and in sections 5.3 and 5.4 I explain how my tool has been extended to profile both

DRAM and NVM on a hybrid-PGAS.

5.1 Single-Locale Performance Optimizations in Chapel

+ The purpose of my study was to examine the runtime performance of Chapel, how it
compares to competitive parallel frameworks, and find methods for speeding it up. Ultimately,
I investigated optimization techniques to achieve two goals. First, I provided insight into better
development practices for Chapel programmers. Second, I developed optimization strategies that
can be incorporated as automated solutions in future Chapel distributions. Since the research

focus 1s on Chapel performance over an intra-node / multi-core architecture, all of my studies



were conducted in a single-locale environment.

I decided to use parallel benchmarks because they represent real world applications for
scientific computing. Furthermore, by utilizing a diverse set of benchmarks more opportunities
for improvement can be found. This is generally true because various developers will employ
different implementation strategies and usage of the Chapel language features. I conducted case
studies on four benchmarks. Each benchmark was manually profiled to identify bottlenecks in
performance. I also examined gaps in performance between Chapel benchmarks and another
parallel framework. I chose OpenMP to establish a baseline of comparison since it is THE stan-
dard for parallel computing on single-node environments for scientific applications. Next I ex-
plored optimization techniques for eliminating bottlenecks and closing gaps. Finally I evaluate
the performance gain over the original Chapel benchmark, competitive framework benchmark,

and impact across other Chapel benchmarks. [112]

5.1.1 Benchmark Case Studies

LULESH stands for Livermore Unstructured Lagrangian Explicit Shock Hydrodynamics
and was developed by the Lawrence Livermore National Laboratory. It is a widely used parallel
proxy application that performs hydrodynamics calculations. In order to find performance bottle-
necks the OpenMP version of LULESH and the C generated code of LULESH from the Chapel
compiler were manually instrumented to determine which routines the program spends the most
time in. The resulting profiles were analyzed to identify underlining common characteristics
where performance of the language itself could be improved.

I discovered that the biggest performance loss I found in LULESH occurred due to the

declaration of large data structures inside its subroutines. Every time a routines is called, these

T Earlier versions of these sections appear in R. Johnson et al. [112] and [100]. 55



Listing 5.1: LULESH: CalcHourglassControlForElem()

proc CalcHourglassControlForElems (determ) {
var dvdx, dvdy, dvdz, x8n, y8n, z8n: [Elems] 8xreal;
forall eli in Elems {

declarations request large allocations on the heap, for which every element is subsequently ini-
tialized to zero. These local memory allocations in the generated code correspond to just five
lines in the LULESH Chapel source and make up 22.8% of the total wall time. In particular, the
first line of code in CalcHourglassControlForElems comprises of 18.8% of the program time as a
result of 6 local arrays being dynamically allocated on the heap (calloc) every time the function is
called, with 1248 invocations for a problem size of 30. Since the Chapel language can allow for
changes to the domain size between invocations, cases can arise where reallocation is required.
However for LULESH the problem size is determined at the command line. Thus in this case the
domain and memory size never change, which means optimization is possible. To explore more
efficient strategies, three LULESH C generated variants were produced from the Chapel code,
modified, and evaluated. Figure 5.1 shows the performance of the three variants. The y-axis
represents a speedup in performance.

In order to address reoccurring allocation bottlenecks without forcing the programmer to
resort to using globals, I recommend two techniques. First, automated allocation hoisting pro-
vides a table for storing and retrieving the memory of large recurring local allocations in the
runtime framework. Additionally it could store all compiler generated metadata structures as-
sociated with each allocation. Second, conservative memory Initialization take a conservative

approach towards initializing memory elements to zero while maintaining the semantics of the
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Fig. 5.1: LULESH Performance

language. For each allocation, determine in an automated way whether the programmer made an
assumption about an element’s initial value in the subsequent code. This can be accomplished by
adding a static analyzer to the Chapel compiler. Optionally, I could provide compiler support for
an explicit language feature similar to static in C with the added benefit of conservative memory
initialization.

MiniMD is a parallel benchmark for computing molecular dynamics and is available in
Chapel and C++ using MPI and OpenMP. The C++ version was used as a baseline comparison to
identify inefficiencies in the code generated by the Chapel compiler and discover ways to close
the gap.

My analysis revealed that the major performance pitfall in MiniMD is the mapping between
domains in nested loops because domain mapping results in the generation of large, complex, and
expensive code, which is best to be avoided. My programmatic optimizations reduced the Chapel
version from being around 10 and 12 times slower than the OpenMP version to being roughly 2.7

and 2.3 times slower. I am still investigating further ways to close the gap.
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5.1.2 Generalization of Optimization Techniques

To summarize, I found 9 different areas where improvements can be made. There may not

be a lot of overlap between benchmarks. However, as more benchmarks are added the coverage

will increase.

The purpose of this study was not to make benchmarks faster, but rather to learn of common

barriers to performance in Chapel by looking at benchmarks. The following suggestions from the

analysis could be used to improve the Chapel compiler and performance of Chapel applications.

Manage local heap allocations with large domains with allocation hoisting. Avoiding domain

remapping for iterating nested loops. Better management of parallel redundancies in nested loops.

Finally, provide developers a way to manage “thread’ level persistent heap allocations.

Degradation LULESH | MiniMD | SSCA#2 | CLOMP
Reoccurring local allocations X

Thread / task private allocations X

Adaptive memory reset

Redundant memory init_elts# X X
Redundant autoCopy / autoDestroy

Redundant parallelism X

Domain remapping overhead X

Application bottleneck X

Memory structure X

Tab. 5.1: Overlap and Impact of Bottlenecks

X: Major impact, x: Minor impact

My Chapel-specific optimizations of LULESH, MiniMD, SSCA#2, and CLOMP microbench-

mark variants led to speedups of 3.0x, 5.3x, 6.3x, and 4.8x respectively with a 2.0x for LULESH

and 1.7x for CLOMP performance gain over their OMP/C counterparts.
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5.2 Multi-Locale Data-Centric profiling for PGAS Languages

Based on the lessons learned from the studies in section 5.1, I developed Purity [100] which
is a fine-grain, data-centric, communication profiling system for the Chapel language to identify
PGAS bottlenecks. Our primary goal for the design was to develop a comprehensive tool that
can analyze and profile memory and communication access patterns over a multi-locale PGAS
environment. To effectively profile PGAS access patterns, communications are monitored during
runtime execution and mapped back to their respective source variables. Each communication
operation contains references to a local and remote memory address. These addresses can be
resolved if I establish an association between allocated memory ranges and variable definition

identifiers. Generating this map will involve both static and dynamic analysis.

Detailed

Chapel Compiler [
Profile

Static Analyzer j

{ } via gcc % or clang J

Instrumented
Chapel . Static Files
Program Binary Post Analysis
Simulator

Chapel Runtime J

-

Node 0 [ Dynamic Analyzer

.

-

N [ Dynamic Analyzer

\_

Fig. 5.2: Purity: Pipeline Overview

Event Logs
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In Figure 5.2, Purity consists of three parts, a static analyzer, a runtime dynamic analyzer,
and a post analysis simulator. The integration of Purity into Chapel involved the modification
of the compiler with the introduction of five new passes for static analysis and a profile module.
Incorporated into the runtime framework were the dynamic analyzer, a C implemented thread-

safe ADT library, and a signal processing layer.

5.2.1 Static Analysis

The primary job of static analysis is to identify candidate source variables defined in the
user modules which are relevant to remote communications by analyzing the AST structures,
employ profile propagation to persist relevant information for later passes, and instrument the
binary through the Chapel compiler with runtime calls after PGAS wide references have been
inserted. It also generates static files detailing the program’s definitions and loop hierarchy maps

to be used in dynamic and post analysis.

Chapel Compiler
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Onstrumentation)<::
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Fig. 5.3: Purity: Static Analysis



The static analyzer in Figure 5.3 is comprised of a source analysis pass, profile propagation,
two placeholder passes, and two instrumentation passes. It also incorporates a profile module
into the Chapel program. The profile module provides functionality for launching, updating,
and finalizing dynamic analysis across the network during runtime. Through C interoperability
with Chapel, the profile module also allows the compiler to link instrumented call expressions to
dynamic analysis functions in the runtime framework. The profiling system supports both Chapel
compiler back-ends, native C and LLVM.

Profile propagation was designed to persist profile information between compiler passes,
disambiguate the different definitions of source variables when multiple definitions are generated
by the compiler, and when required, spread contextual annotations down the chains of compiler
generated temporary variables that originated from interactions with one or more candidate vari-
ables. The annotations of temporary variables aid in the instrumentation of candidate variable
definitions and 'new’ allocations in later passes so that memory addresses can be properly asso-

ciated with the correct definition identifiers at runtime.

5.2.2 Dynamic Analysis

Dynamic analysis is responsible for associating memory ranges with variable definitions for
use with mapping the remote addresses of communication operations during profiling. However,
the prospect of building and maintaining a map of the entire partitioned global address space
(PGAS) during runtime could range anywhere from cost prohibitive to downright intractable,
depending on the program’s needs and the number of nodes involved. Thus, in order to mitigate
the impact on system and network resources that profiling may incur, dynamic analysis must be

performed independently on each node. However, doing so leaves each analyzer with only a
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partial view of the PGAS. A unified view is required in order to resolve the definition identifier
of a remote address for the corresponding communication. Therefore, each dynamic analyzer

records the memory and communication operations of its host for post processing.
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\_ Definitions >

N~

- 4
Heap Operations j: Memory Tracker j::> Event
X ~ Recorder

(" Communication ( .
) Pulse Sampling
S Operations Y

=

| —1

Signal Processing

( Sigalarm ) Chapel-Comm Interface A\7

( Sigprof ) [ Synchronization Callbacks j

Fig. 5.4: Purity: Dynamic Analysis

The dynamic analyzer in Figure 5.4 comprises of a memory tracker, pulse sampling for
scalability, a decentralized synchronization strategy, and an event recorder. Pulse sampling pro-
vide an easy way to scale back the volume and thus the recording of runtime operations. It works
by turning on (pulsing) detailed data collection for short brusts of time to gather a representative
sample of the data. The pulsing is controlled by a signal handler that is triggered by an alarm
that goes off at a user configurable rate to allow control of the pulse width and duty cycle of
the sampling. When enabled the analysis overhead and file size of generated event logs can be
reduced. Synchronization allows post analysis to model the memory state of each node for re-

solving communications. To achieve this, a monotonically increasing synchronization identifier
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is recorded with each operation and exchanged through piggy backing remote communications
between nodes for synchronizing the event logs. At runtime each node employs a dynamic ana-
lyzer to monitor memory and communication access patterns for wide references on the PGAS
and will produce event data based each nodes view of PGAS operations. Local, prefetch, network
cache, and remote get and put operations for heap and when necessary associated stack variables
are sampled during the program’s execution to produce a high-level aggregate online report and

event logs for post analysis.

5.2.3 Post Analysis

The post processing reads in the static files generated by the static analyzer in the compiler
and the event logs produced by the dynamic analyzers on each node at runtime, performs a
series of analyses, and produce a detailed profile for each execution of the instrumented Chapel
program. The profile consists of a series of comma delimited files which provide a summary
ranking variables by percentage of remote operations, loop analysis, request aggregation and
byte throughput report at the node and flat index level, and a coverage report.

Figure 5.5 illustrates how the simulation of a profiled execution works in post analysis.
The event data from each node is combined through post analysis simulation to produce a fine-
grain profile of the execution. The profile consists of three parts. First it generates a summary
of aggregate counts by operation category associated for each source variable which are ranked
by percentage of total remote operations. Secondly, operations and source variables are broken
down further through loop analysis to illustrate their operational impact on the PGAS for each
loop in the program. Finally, request aggregation and byte throughput analysis generate node and

flat PGAS index matrices for each source variable.
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Fig. 5.5: Purity: Post Analysis

5.2.4 Evaluation

To demonstrate how the Purity profiling system works in practice, I conducted a case study.
I selected SSCA#2 and employed this microbenchmark on the Deepthought2 cluster to assess
the efficacy of Purity on a real system. Deepthought2 is a high-performance computing cluster
hosted by the University of Maryland, College Park. The SSCA#2 microbenchmark generates
and performs a series of approximate betweenness centrality (BC) computations over a weighted,
directed multigraph given a set of starting vertices.

I evaluated the impact Purity had on performance for SSCA#2 on Deepthought2 with 4
nodes, 20 threads per node and an input of scale=8, low scale=5, high scale=8. When only the
online reporting was enabled, the profiler added 16% to the microbenchmark’s wall time. With
the enabling of event log generation at a 1% sample rate monitoring the heap yielded a 62%
overhead and produced 14.3 MB of event logs. Enabling tracking of both the stack and the heap

added 95% to the wall time and produced 1.65 GB of event logs. A 95% overhead may seem high
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but dealing with a less than 2x cost to tackle big performance problems with fine-grain analysis
is worth it.

Since memory and communications access patterns in PGAS are determined by the dis-
tribution strategies used to map the elements of user-defined variables in the Chapel program’s
source, profile results should still be representative of the execution even when the overhead is
large. Regarding the sample rate, like any pulse sampling approach the duty cycle of the pulse
provides an accuracy vs. performance tradeoff. Approaches from prior papers that use similar
sampling [113] [114] [115], can help to guide user decisions to determine appropriate sampling
intervals for their applications using Purity.

The rest of the evaluation was performed on Deepthought2 under two different cluster
configurations, 4 nodes with 20 threads (4N20T) each and 8 nodes with 10 threads (8N10T) each

at a 5% sample rate. I compared enabling and disabling the Chapel PGAS network cache to test

Tt 65



Remote Operations Online Report

100% -
[ Prefetch

B Cached
90% - [ Remote Put
[l Remote Get
80% - @ Local Put
B Local Get

70% -

60% -

50% -

4N 20T 8N 10T 4N 20T 8N 10T

Deepthought2, N nodes, T threads, scale=8, low scale=5, high scale=8

Fig. 5.7: Online Report and Remote Operations Views

the effectiveness of the automated remote cache option. This option can be enabled in the Chapel
compiler by using cache-remote. The cache provides aggregation, write behind, and read ahead
features at runtime which can reduce remote communications. By generating online reports for
4N20T and 8N20T in Figure 5.7 I found that the percentage of remote operations was 5.05% and
4.61% respectively for the two configurations. I also concluded that 20.6% and 22.2% of remote

operations were avoided with the enabling of the network cache.

Listing 5.2: SSCA2 kernels.chpl, from Approximate Betweenness Centrality

279: forall s in starting_vertices do on
vertex_domain.dist.idxToLocale (s) {

286: const tid
287: const tpv

TPVM.gettid () ;
TPVM.getTPV (tid) ;




Through loop analysis I discovered that 42.14% (scale=5) and 80.99% (scale=8) of all
remote operations occurred in the loop at SSCA2 kernels.chpl on line 582. In order to understand
what this means we first need to look at how starting vertices and their corresponding tasks are

delegated in the BC algorithm.

Loop Analysis
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Fig. 5.8: Loop Analysis of BC

The outer most parallel loop of BC delegates tasks over starting vertices to the respective
node on which that vertex is stored as illustrated in code example 3 in order to maximize task
and data locality in a parallel environment. Each task requires a set of variables for processing
its assigned starting vertex and these variables are managed by a taskPrivateData class. In order
to reuse the instantiations of taskPrivateData for future tasks, task private variable array or TPV,
a block distributed vector of taskPrivateData, is allocated and managed by TPVM. TPVM is
an instantiation of TPVManager class which during the invocation of gettid() is responsible for
yielding thread control back to the runtime framework until the requested element in TPV is no

longer in use by another task and can be obtained and safely used by the requesting task.



Loop or Line Remote % of
Module Range | Get | Put Remote
TPVM.TPV, SSCA2 kernels.chpl, 577
SSCA2 kernels.chpl | 582-582 | 4544 0 42.14%
SSCA?2 kernels.chpl 586 7 0 0.06%
SSCA?2 kernels.chpl 589 5 0 0.05%
SSCAZ2 kernels.chpl 581 5 0 0.05%
taskPrivateData::barrier.tasksFinished, SSCA?2 kernels.chpl, 600
SSCA2 kernels.chpl | 345-423 795 0 7.37%
SSCA2 kernels.chpl | 456-463 192 0 1.78%
SSCA?2 kernels.chpl | 331-463 44 0 0.41%
taskPrivateData::BCaux, SSCA2 kernels.chpl, 569
SSCAZ2 kernels.chpl 550 252 0 2.34%
Atomics.chpl 1260 0 | 146 1.35%
Atomics.chpl 1396 0| 97 0.90%
SSCA?2 kernels.chpl | 331-463 87 0 0.81%
Atomics.chpl 1240 0 56 0.52%

Deepthought2, 4 nodes, 20 threads per node,
scale=5, low scale=3, high scale=4

Tab. 5.2: SSCA#2 Loop Analysis - Top Ranking Variables

The while condition of the loop in gettid() first accesses the this reference of the TPV-
Manager class, followed by the class field TPV and then performs a get index operation over a
distributed array to obtain a used field in taskPrivateData class and invoke a test and set atomic

operation.

Receiver Sender
n0 nl n2 n3
n0 0 | 51256 | 57384 | 55021

Tab. 5.3: Remote Requests for TPVM.TPV

Node-level request aggregation for TPVM.TPV shows that all remote operations access the

memory of the main node from other nodes, which indicates that TPVManager and the underlin-
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ing Chapel framework structures that manage the TPV array were instantiated and only exist on

the main node.
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Fig. 5.9: Loop Analysis of BC

Config | Remote % | Reduction
4N 20T 0.47% 88.45%
8N 10T 1.19% 56.87%

Tab. 5.4: Remote Reduction per Configuration

With these insights in mind, a simple programmatic solution was devised in order to elim-
inate redundant remote communications. Code example 4 shows the original gettid() function in
the SSCA#2 kernel and code example 5 illustrates the optimization that was discovered. Since the
instantiation of TPVManager and the underlining structures that manage TPV reside in memory
on the main node, resolving this for TPVManager, its member variable TPV, and the correspond-

ing element at index "tid’ over the PGAS before entering the while loop will significantly reduce



Listing 5.3: Original: SSCA2 kernel.chpl

576:
579:
580:
581:
582:

583:
584:

class TPVManager ({
proc gettid () {

const tid = this.currTPV.fetchAdd (1) // numTPVs;

on this.TPV[tid] do

while this.TPV[tid] .used.testAndSet () do

chpl_task_yield();
return tid;

Listing 5.4: Optimized: SSCA2 kernel.chpl

576:
579:
580:
581:
582:
583:

584:
585:
586:

class TPVManager {
proc gettid () {

const tid = this.currTPV.fetchAdd(l) // numIPVs;

on this.TPV[tid] do {
const t = this.TPV[tid];
while t.used. testAndSet
chpl_task_yield() ;
}

return tid;

()

do
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redundant remote operations generated by other nodes. Test and set operations can still be per-
formed on the network atomic used inside the loop, which will allow gettid() to appropriate the
next 'tid’ to a requesting task. This optimization is a classic hoisting of redundant computation
out of a loop. Also, the optimized 4N and 8N in the above chart of indicate the solution might be
scalable. As the Chapel compiler matures is this the kind of implicit optimization we can expect?

Through my preliminary evaluation Purity identified a major bottleneck in SSCA#2 and
provided insight into a simple programmatic solution that could be automated by the compiler.
My optimization reduced 88% of remote operations on the PGAS and led to a 1.24x speedup in

execution time. ¥

5.3 Expanding Profile Support for a DRAM-NVM Hybrid-PGAS

The Purity data-centric profiler has been extended to support DRAM-NVM hybrid-PGAS
profiled executions. By using heap identifiers, the analysis can distinquish between main memory
and persistent memory allocations and operations. Heap identifiers are used to determine which
memory environment the operation occured (e.g. id = 0: DRAM main memory, ¢d > 0: an
NVM space). Both the introduction of persistent memory in Chapel and the Purity profiler were
designed to potentially support multiple simultaneous persistent memory spaces in a hybrid-
PGAS environment.

During runtime execution the dynamic analyzer records data on all allocations, realloca-
tions, and free operations. The log stores both the definition and heap identifiers that are asso-
ciated with the heap operation. Additionally, allocation stores the memory address, number of

elements, byte size of each element, program time offset from the beginning of execution, and
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the module file and line number in the source where the operation originated. Reallocation stores
the old and new memory addresses, total bytes for the reallocation, program time, and module
file and line number. In this case, program time is used to compute the lifespan of the old object
that is being decommissioned and establish a birth time of the new object for the reallocation.
Free stores the program time which is used to compute the object’s lifespan.

Communication operations contain both local and remote accesses to memory objects in
both DRAM and NVM environments. However, due to the high volume, to limit the size of the
data logs, these operations are need to be sampled by the profiler. For each sampled operation
the source node and thread, destination node, type of operation, local address and heap, remote
address, byte size, latency (ns), and module file and line number are recorded. During a profiled
execution, each locale runs the Purity dynamic analyzer which records data based on the view
local to the perspective of the compute node on which it resides. To maintain low overhead,
memory address resolution has been taken offline. The post analysis simulator uses the data
logs generated by all compute nodes to synchronize and maintain a unified state of the entire
execution across all locales. This provides an omnipotent view by which each memory address
can be mapped to their corresponding node’s heap, allocated heap object, definition identifier, and
subsequent user-defined variable. Therefore, the heap identifiers and objects of remote addresses
can be resolved through post analysis.

Heap analysis reporting contains aggregations for both local and remote operations for
read and write count and byte totals categorized source node and thread to destination node
and heap, which is broken down by user-defined variable. It also contains source latency totals
(ns) and throughputs (Mbits/s) for remote read and write aggregates provided by the remote
analysis. The total aggregate count of operations by variable determines how variables are ranked,
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in descending order. Although the summary produced by dynamic analysis provides overall
totals for each operation type, read to write and local to remote ratios can be determined on a per
variable and memory environment basis using heap analysis. Additionally, the results from heap
analysis are used to inform the hardware configuration estimations of latency, energy usage, and

performance impact on execution in subsection 5.4.

Listing 5.5: Variable Assignment in Chapel

var a, b: real;

proc main () {
a = b;

Listing 5.6: Compiler Generated C of User Main for the Variable Assignment Program

static void chpl_user_main (void) {
_real6d tmp_chpll5;

chpl wide_ ref_ real64 chpl_macro_tmp_2209;
chpl wide__ref_ real6d4 chpl_macro_tmp_2210;
chpl_macro_tmp_2209.1locale = (&b_chpl)->locale;

chpl_macro_tmp_2209.addr = & (((&b_chpl)->addr)->value);
chpl_gen_comm_get ( ( (voidx) (&tmp_chpllb)),
chpl_nodeFromLocalelID (& ((chpl_macro_tmp_2209).locale),
INT64 (0), INT32(0)), (chpl_macro_tmp_2209) .addr,
sizeof (_real6d), COMMID (2), INT64(1l), INT64(62));
chpl_macro_tmp_2210.locale = (&a_chpl)->locale;
chpl_macro_tmp_2210.addr = & (((&a_chpl)->addr)->value);
chpl_gen_comm_put ( ( (voidx) (&tmp_chpllb)),
chpl_nodeFromLocaleID (& ( (chpl_macro_tmp_2210) .locale),
INT64 (0), INT32(0)), (chpl_macro_tmp_2210) .addr,
sizeof (_real64), COMMID (3), INT64(4), INT64(62));
return;

Remote analysis reporting contains operation count, byte, and source latency aggregate
totals categorized by operation type, source node and thread to destination node and heap, and
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user-defined variable for remote operations only. When the values of elements from one dis-
tributed user-defined variable are set by another in a Chapel source file, the Chapel compiler will
interpret and express the assignment by generating temporary stack variables to broker values
between two communication operations. Listings 5.5 and 5.6 illustrate a simplified example of
this. For distributed data, the generation of two communication operations is necessary because,
depending on the compute node resources, both sides of the assignment could either be local,
remote, or one local while the other is remote depending on their distributions, how they are ac-
cessed, and which locale the task is executed on. Therefore, although the source node generates
a get or put request, the actual operation will always occur on the destination node and heap
designation that handles that request, which is modeled by the profiler. When a remote operation
occurs, both the source and destination node incur a latency penalty. Instead of measuring the
round trip time, since Chapel relies on GASNet functions which block thread advancement while
issuing a remote get or put operation, latency is a measure of the delay imposed on the thread of
the source node that made the request. The results from this analysis are used in subsection 5.4.
The post analysis simulator uses heap operations to produce an object lifespan report which
details each heap object’s memory address, allocation size, node and heap it resided on, origin of
allocation module and line number, allocation time from the start of execution (born time), and
the object lifespan, organized by the user-defined variable it maps to. For each variable, heap
objects are ranked in descending order by lifespan, byte size, and allocation time. If the heap
object was allocated but never released, the object lifespan will report ’Execution’ for DRAM
and ’Persistent’ for NVM, which means the object lived for the remainder of the execution time
and still exists in the NV heap files if persistent. For objects that were allocated inside the Chapel

runtime framework, the origin of the allocation will be set to internal. Currently, the report only
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contains the lifespans of objects that map to user-defined variables. In the future, I would like
to extend the reporting to also include unmapped heap objects so that additional analysis can be

made for ancillary objects and operations.

5.4 Estimating Latency and Energy for Hardware Configurations

The Purity data-centric profiler will produce results for a profiled execution, representative
of a program that was executed on a given distributed computing architecture. In contrast, the
estimator can measure how a profiled execution will perform on different hardware. To do this
I rely on DESTINY [116] [117] [118] to generate hardware memory profile estimations based
on different SRAM, DRAM, and NVM memory models. The resulting memory profiles contain
latency, energy and power consumption estimations. To better explore different architectural de-
signs, configurations are built for all combinations of memory profiles, given several constraints.
A hardware configuration is composed of a L1 data cache, L2 data cache, DRAM, and NVM.
SRAM profiles are used to satisfy L1 and L2 data cache memory, where SRAM latency des-
ignated for L1 is equal or less than SRAM latency for L2. DRAM profiles are used for main
memory and NVM profiles are applied as persistent memory.

Cache, memory, and communication profiles embody aggregate results from different anal-
yses of the profiled execution, which are used by the estimator to produce a latency, energy, and
impact on execution estimation model for each hardware configuration. Each model represents
the estimated performance of the profiled execution respective to the hardware configuration.
Additionally, ’DRAM only’, ’DRAM ancillary with NVM variable store’, and 'NVM only’ are

used as alternative scenarios to compare the estimated performance with the original model.
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Fig. 5.10: Diagram for Estimating Latency, Energy, and Impact on Execution

Figure 5.10 illustrates how results from a profiled execution using Purity and the cache
monitor, combined with hardware memory profiles are used to produce a series of impact estima-
tion models. These models can be used to explore both the design and scenario space of different
computer architectures by estimating the performance of profiled executions for these systems.
They provide latency and energy estimations by user-defined variable, simplified AMAT (see
parallelism in subsection 6.2.5), an aggregate view over the PGAS by memory type (L1, L2,
DRAM, NVM), latency and energy by compute node, and impact on execution time, energy, and
power. For each configuration, three alternative models are generated representing DRAM only,

DRAM ancillary with NVM variable store, and NVM only scenarios for comparison.
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Chapter 6: Evaluation

This chapter evaluates memory-based performance metrics of kernel and microbenchmark
variants that utilize NVM to answer the following questions. Are there advantages to writing
NVM parallel programs in Chapel vs. MPI and OpenMP? Under what circumstances is NVM
performance comparable to DRAM? Can NVM be used correctly and efficiently in Chapel to
recover a program’s execution and data from a system failure? How can performance bottlenecks
be addressed in a Chapel hybrid-PGAS application? In the analysis Chapel variants will be
compared with MPI / OpenMP in C to demonstrate the efficacy of the Chapel NVM support for

hybrid-PGAS memory.

6.1 Why use Chapel?

Chapel is a high-level parallel programming language that was designed for productivity,
simplicity, and ease of use [81]. It is streamlined to allow a developer to quickly build parallel
HPC applications that can scale in performance. Chapel relies on a PGAS memory environment
and provides several distribution modules for easily mapping complex data structures over a dis-
tributed computing architecture. It supports both data and task parallelism. Recent advancements
in Chapel now allow the programming of accelerators such as GPUs [119].

Listing 6.1 is an example of a Chapel implementation of 2D Jacobi stencil with a 2D de-



composition that uses block distribution to map cell elements over compute nodes. My multi-

node version of Jacobi 5-point stencil was derived from a 2D Poisson’s equation using the Jacobi

Method in subsection 6.4.1 and inspired by a Chapel tutorial on data parallelism with Jacobi

[120]. The implementation in listing 6.1 is an adaptation to Chapel’s multi-locale environment

and fully utilizes NVM.

Listing 6.1: 2D Jacobi Stencil in Chapel ‘

1
2
3
4
5
6
7
8

9
10
11
12
13
14
15
16
17
18
19
20
21
22
23

use BlockDist;

config const n int = 10000;

config const steps int = 100;

var outer : persist = {0..(n+l), O0..(n+1)};

var inner : persist = {l..n, 1..n};

var D : persist = outer dmapped Block (boundingBox=inner);
var P : persist = D[inner];

var u : persist [D] real;

var v : persist [D] real;

proc main () {

// 2D Jacobi Stencil
for s in 1..steps do {

forall (i, j) in P do {
v[ii,j] = (uli-1,3] + uli+l,J] +
uli, j-1] + ufldi, J+11]) / 4.0;
}
ulP] = vI[P];

}

To the contrary, 2D Jacobi stencil in C is not as concise. Listing 6.2 is an implementation of

2D Jacobi stencil with 1D decomposition written in C which utilizes MPI to create one process

per compute node and OpenMP to parallelize over the available cores of each compute node.

When compared with the Chapel 2D Jacobi stencil, the C version has 6 times more lines.
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Listing 6.2: 2D Jacobi Stencil in MPI / OpenMP in C (Part 1)

1 int main (int argc, char *argv[]) {

2 int heap_id = 0;

3 int n = 10000;

4 int steps = 100;

5 int p, r, s, t, i, J;

6 int nodes, rank;

7 float =*a, b, *c, *x;

8 PMEMoid a_oid, b_oid, x_oid;

9 MPI_Request request;

10

11 MPI_TInit (&argc, &argv);

12 MPI_Comm_size (MPI_COMM_WORLD, é&nodes);

13 MPI_Comm_rank (MPI_COMM_WORLD, &rank);

14

15 if (argc > 1) sscanf (argv[l], "%d", &heap_id);

16 if (argc > 2) sscanf(argv[2], "%d", &n);

17 if (argc > 3) sscanf(argv[3], "%d", &steps);

18 n += 2;

19

20 if (heap_id > 0) { // id > 0 is PMEM else DRAM

21 if (pmem_support_open ("/tmp/", argv[0], rank) == 0)

22 exit (1) ;

23 }

24

25 // block of array elements for each node

26 p =n * n / nodes; // elements

27 r = n / nodes; // rows

28 printf ("Rank: %d, Nodes: %d, N: %d, P: %d, Rows: %d\n\n",
rank, nodes, n, p, r);

29

30 a = pmem_support_heap_alloc (heap_id, p * sizeof (float),
&a_oid);

31

32 if (a == NULL) {

33 fprintf (stderr, "Node %d failed to allocate A.\n", rank);

34 fflush (stderr);

35 pmem_support_close () ;

36 MPI_Finalize();

37 exit (1) ;

38 }
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Listing 6.3: 2D Jacobi Stencil in MPI / OpenMP in C (Part 2)

40 b = pmem_support_heap_alloc (heap_id, p » sizeof (float),
&b_oid);

41

42 if (b == NULL) {

43 fprintf (stderr, "Node %d failed to allocate B.\n", rank);

44 fflush (stderr);

45 pmem_support_heap_free (heap_id, a, &a_oid);

46 pmem_support_close () ;

47 MPI_Finalize();

48 exit (1) ;

49 }

50

51 x = pmem_support_heap_alloc (heap_id, n » sizeof (float),
&x_oid);

52

53 if (x == NULL) {

54 fprintf (stderr, "Node %d failed to allocate X.\n", rank);

55 fflush (stderr);

56 pmem_support_heap_free (heap_id, a, &a_oid);

57 pmem_support_heap_free (heap_id, b, &b_oid);

58 pmem_support_close () ;

59 MPI_Finalize();

60 exit (1);

61 }

62

63 MPI_Barrier (MPI_COMM_WORLD) ;

64

65 cache_monitor_papi_init_main_preconfig_omp (rank) ;

66 cache_monitor_papi_thread_begin_omp () ;

67

68 // 2D Jacobi Stencil with 1D Decomposition

69 for (s = 0; s < steps; s++) {

70 #fpragma omp parallel for shared(b)

71 for (1 =1; i < r - 1; 1i++) {

72 int in = 1 * n;
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Listing 6.4: 2D Jacobi Stencil in MPI / OpenMP in C (Part 3)

73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88

&9
90
91

92
93
94
95
96
97
98
99
100
101
102
103
104
105

int im = (i - 1) * n;
int ip = (1 + 1) * n;

#pragma omp parallel for shared(b)
for (jJ =1; J <n - 1; j++) A

blin + j] = (alin + (3 - 1)] +
alin + (3 + 1)1 +
alim + j1 +
alip + 31) / 4.0;

MPI_Barrier (MPI_COMM_WORLD) ;

if (rank < nodes - 1 && nodes > 1)
MPI_TIsend(a + (p — n), n, MPI_FLOAT,
MPI_COMM_WORLD, é&request);

if (rank > 0) {
MPI_Recv(x, n, MPI_FLOAT, rank - 1,
NULL) ;

#pragma omp parallel for shared(b)
for (7 =1; 3 <n - 1; Jj++) {

b[j] = (alg - 1] +
alj + 1] +
x[3] +
aln + 31) / 4.0;

MPI_Barrier (MPI_COMM_WORLD) ;

if (rank > 0)
MPI_Isend(a, n, MPI_FLOAT, rank - 1,
&request) ;

rank + 1, 1,

1,

1,

MPI_COMM_WORLD,

MPI_COMM_WORLD,
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Listing 6.5: 2D Jacobi Stencil in MPI / OpenMP in C (Part 4)

106 if (rank < nodes - 1 && nodes > 1) {

107 int in = p - n;

108 int im = p - (2 * n);

109

110 MPI_Recv (X, n, MPI_FLOAT, rank + 1, 1, MPI_COMM_WORLD,
NULL) ;

111

112 #pragma omp parallel for shared(b)

113 for (7 =1; 7 <n - 1; J++) {

114 blin + j] = (al[in + (3 - 1)] +

115 alin + (3 + 1)1 +

116 alim + j] +

117 x[31) / 4.0;

118 }

119 }

120

121 MPI_Barrier (MPI_COMM_WORLD) ;

122

123 // swap

124 c = a;

125 a = b;

126 b = c¢;

127 }

128

129 MPI_Barrier (MPI_COMM_WORLD) ;

130

131 cache_monitor_papi_thread_end_omp () ;

132 cache_monitor_papi_thread_print_counts_omp () ;

133

134 cache_monitor_papi_print_results();

135 cache_monitor_papi_term_main () ;

136

137 pmem_support_close () ;

138

139 MPI_Finalize();

140

141 return 0;

142}
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6.2 DRAM vs NVM

Non-volatile random access memory (NVRAM) is an emerging technology that rivals
DRAM. It is advantages include data persistency and retention, large capacity, and lower power
consumption. Unlike DRAM, NVRAM does not require a periodic refresh to maintain the state
of memory. In the event of power or system failure, it will retain any stored data, which can be
recovered later. However, some drawbacks to this technology are higher read and write latencies
than DRAM, and lower endurance.

Using Intel’s Persistent Memory Development Kit, I have incorporated byte addressable
NVM capability into the Chapel PGAS Language. In this section we will explore the charac-
teristics of NVM and how they compare with DRAM. What are the performance differences of
DRAM vs different NVM technologies in an HPC environment? What specific access pattern
characteristics close the performance gap when taking caching mechanisms into consideration?
How do performance characteristics change in a multi-locale environment when accessing NVM
memory over compute nodes?

The experiment will be evaluated using a series of kernels with defined memory access
patterns and microbenchmarks. To study and evaluate the performance of my implementation,
I used a suite of microbenchmarks in Chapel that isolate and demonstrate certain access pattern
characteristics. I then classify these microbenchmarks by their sensitivity to NVM latencies when
a cache is in use (e.g. measuring latency hiding). Next, I employ hardware profiles generated
from NVM modelers to compare the latency and energy use with different NVM technologies.

Application performance will be compared between variants that store all user-defined vari-

ables in DRAM vs. NVM. The baseline will be established by using NVM variants without the
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benefits of latency hiding via cache verses NVM with cache support verse DRAM with support.

The experiment will also involve hybrid DRAM-NVM approaches with different use cases.

6.2.1 Integrating the Cache Profiler into Chapel

As an experiment platform, I used the Zaratan system at UMD. A standard compute node
on Zaratan hosts two AMD EPYC 7763 processors with 64 cores each for a total of 128 cores per
node. Each AMD EPYC 7763 has a 64 KB L1 cache per core, 512 KB L2 cache per core, and a
shared 256 MB L3 cache [121] and operates at a base clock rate of 2.45 GHz bursting up to 3.5
GHz turbo [122]. T used the PAPI Performance API to monitor the cache during runtime, which
provides cache counters that can be used to build cache profiles on executions. The AMD EPYC
7763 processor supports cache performance counters for L1 data cache access (PAPI_L1_DCA),
L1 data cache miss (PAPI_L1_DCM), L2 data cache hit (PAPI_L2_DCH), and L2 data cache miss
(PAPI_L2_DCM) which can be monitored through PAPI. Unfortunately, PAPI cannot provide L3
cache performance counters for the AMD EPYC 7763.

Profiling L.1 and L2 cache requires an instance of PAPI for each core. Therefore, developing
a cache monitor module that can be used in Chapel programs was not enough. PAPI needed to
be integrated into the Chapel runtime framework. In Chapel, workloads are divided up into tasks
which are managed by the worker threads. Chapel provides two options for task management,
FIFO and Qthreads. FIFO maintains a set number of threads for the lifetime of the execution.
Tasks are mapped to threads via a task pool. A thread can execute on only one task at a time and
must complete the task before processing another one [123]. The other option Chapel supports is
Qthreads, developed by Sandia National Laboratories, that is provided as an external third library.

Regardless, both options internally use POSIX threads (pthreads) to create worker threads. Since
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FIFO task management is implemented in the Chapel runtime, I integrated cache profiling for the

FIFO option.
Listing 6.6: runtime/main.c
int main (int argc, charx argv[]) {

///// CACHE MONITOR /////////////
cache_monitor_init ();

///// CACHE MONITOR /////////////

// Initialize the runtime
chpl_rt_init (argc, argv);

///// CACHE MONITOR /////////////
cache_monitor_papi_print_info_main();

///// CACHE MONITOR /////////////

}
Listing 6.7: runtime/chplexit.c

static void chpl_exit_common (int status, int all) {
///// CACHE MONITOR /////////////
cache_monitor_term() ;
///// CACHE MONITOR /////////////

chpl_comm_exit (all, status);

exit (status);

For repeatability I provided code snippets to illustrate how PAPI performance monitoring
was done. I developed a cache monitor library to manage PAPI and simpilfy the interface in
order to integrate cache profiling with the least number of changes to the runtime framework.
Cache monitoring must be initialized before chpl_rt_init() in order to process POSIX threads as
they are created by the runtime init as illustrated in listings 6.6. In listings 6.7 the cache monitor
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terminates in chpl_exit_.common right before chpl_comm_exit. During termination, timers are

completed and all timing and cache performance counter data is printed out.

Listing 6.8: runtime/tthreads/pthreads/threads-pthreads.c

int chpl_thread_create (voidx arg) {
void rcm_thread_track_data = NULL;

cm_thread_track_data = cache_monitor_papi_get_thread_data();

if (do_pthread_create (&pthread, &thread_attributes, pthread_func,
cm_thread_track_data ? cm_thread_track_data : arqg))

The cache monitor library internally maintains it’s own aggregations of cache performance
counters for each CPU core as well as tracking the execution and monitor times of worker threads.
In order to obtain correct counter information, an instance of PAPI must be initialized for each
core that is monitored. The FIFO option will create a one worker thread for per core. Therefore,
each thread must maintain it’s own instance of PAPI. Thread tracking data is delegated as threads
are being created as illustrated in listing 6.8 so that counter information can be accessed beyond
the lifetime of the thread for reporting purposes. Since threads are mapped to a different CPUs,
each thread has it’s own L1 and L2 cache whose performance is tracked by PAPI. As shown in
listing 6.9 the monitoring starts right before the task is executed and stops right after the task is
complete. I believe this is the right granularity for monitoring the cache for relevant parts of the
program on each core, since task execution is an entry point from the task management layer to
the execution of the program’s code.

In addition, the Chapel SLURM launcher for GASNet IBV (InfiniBand) was modified to

ensure that the FIFO option produces one thread per core, except in the case where the number
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Listing 6.9: runtime/tasks/fifo/tasks-fifo.c

static void thread_begin (void* ptask_void) {
while (true) {

chpl_task_do_callbacks( ... );
///// CACHE_MONITOR //////////////
cache_monitor_papi_thread begin (ptask_void);
///// CACHE_MONITOR //////////////
(ptask—>bundle.requested_fn) (&ptask—>bundle);
///// CACHE_MONITOR //////////////
cache_monitor_papi_thread_end(ptask_void);

///// CACHE_MONITOR //////////////

chpl_task_do_callbacks( ... );

of cores is one as FIFO requires at least one worker thread to prevent deadlocking the program.
Also the SLURM option oversubscribe was added to avoid quickly burning through the allocation
since Chapel assumes exclusive access to all 128 cores per node by default. Oversubscribe allows
compute node resources to be shared with other jobs. When a Chapel program is executed with
FIFO the primary node has a main thread and the number of cpu’s per process minus one worker

threads. For all other nodes, FIFO will create a worker thread for each core.

6.2.2 Hypothesis

My hypothesis is that due to the low miss rates in L1, L2, and L3 caches, the performance
penalty of using NVRAM vs DRAM for program data is acceptable. Sequential and consecutive

operations to the same or near-same memory locations of a persistent memory object will often
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result in accesses to the same cache line. Furthermore, a write back cache policy and write buffer
will hide the latency of slower memory in the hierarchy. Therefore, I expect the benefits of
increased capacity and persistency of NVM outweigh performance loss as a result of longer read
and write times for applications that forgo DRAM and allocate most if not all of the user-defined
variables in NVM space. Subsections 6.2.3, 6.2.4, and 6.2.5 evaulate this hypothesis. If this
trend holds true, I speculate that the long term implication is that NVRAM technologies could

eventually replace DRAM entirely.

6.2.3 Access Patterns

The goal of this experiment is to demonstrate the impact that cache operations have to-
wards hiding the latencies of slower memory environments. NVM operations typically incur a
much larger latency penalty when compared with DRAM. My hypothesis states that sequential
and consecutive operations can avoid most of the NVM penalties due to the caches. Scientific
computing applications execute sophisticated algorithms which produce complex memory access
patterns. However no matter how complex, algorithms in most cases use a composition of basic
memory access paterns.

Therefore, a series of kernels have been developed to profile the cache for both intra-
node and inter-node environments. These kernels are designed to run many trials over very
large data structures to profile the designated operation. The kernel operations used are stream
read, stream write, strided read, strided write, random read, random write, scatter, gather, re-
duce, and a stencil using the 2D Jacobi 5-point stencil. Variant kernels were developed in both
Chapel and C/MPI/OpenMP, for serial and parallel, where all of the major data structures are

allocated in either an NVM or DRAM environment. This way the cache profiles of NVM and
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DRAM can be compared across many different types of operation. For the C implementations,
MPI creates one process per node and OpenMP parallelizes over the cores for each node with
OMP_PROC_BIND=true and OMP_PLACES=cores so that each thread is bound to a core.

Executions of kernel variants were performed on Zaratan for the following configurations:
serial, 1 node with 8 threads, 4 nodes with 1 thread (MPI only), and 4 nodes with 8 threads each.
PAPI was deployed at the thread level to record the cache performance counters on each core.

Looking at just the number of L1 data cache misses between Chapel and C/OpenMP in
Figure 6.1 many of the profiled executions on the graphs appear to have similar paterns. How-
ever, there is clearly disproportionately more cache misses for the Chapel NVM implementations
of stream write, strided write, random write, scatter, and gather kernel variants for 1 node with 8
threads than their DRAM variants. The reason for this disparity is because when changes from
write operations are committed by the transaction system, the data is flushed back to memory,
resulting in a higher cache miss count. As PMDK is used in both NVM variants, underlying
activity in PMDK such as mmap operations do not seem to play a role for stream and strided
write kernels in C/OpenMP. The extra cache misses only occur on the Chapel runtime frame-
work for these two kernels during intra-node executions. Nevertheless, generally speaking the
performance between Chapel kernels and C/OpenMP kernels are similar.

Figure 6.2 show the accumulated number of L1 data cache misses for kernels executed over
4 nodes each with 8 threads. Although the Chapel kernels executed two orders of magnitude less
trials than the C/MPI/OpenMP variants, the number of misses appears to be higher in some of
the cases. Each trial executes the kernels code. An inspection of the intermediate representation
revealed the reason is because of the overhead resulting from the complexity of parallelizing a

Chapel program that doesn’t exist in the C kernels. Furthermore, data for random read, random
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write, scatter, and gather is not available for the Chapel versions due to timeout, as a consequence
of using irregular access patterns over compute nodes. T. Rolinger, et. al. [52] addresses this
problem with an inspector-executor optimization for Chapel. The overall patterns are similar
except in the cases of NVM stream write and stencil which are proportionately higher than the

misses in DRAM.

Next consider the miss rate for L1 and L2 cache calculated as follows. The event types are
derived from PAPI event flags that are supported by the AMD EPYC 7763 chip and used to
profile executions during the experiment. There is enough support for L1 and L2 data cache

performance counters to compute L1 and L2 data cache miss rates in the equations below.

Event Type Description

L1_DCA L1 data cache accesses

L1_-DCM L1 data cache misses

L2_DCH L2 data cache hits

L2_DCM L2 data cache misses

L1_miss rate L1 data miss rate

L2_miss rate L2 data miss rate

L1_L2_miss rate | Data miss rate for both L1 and L2

Tab. 6.1: Cache Events

L1_-miss_rate = L1.DCM/L1_DCA
L2 miss_rate = L2_.DCM/(L2_-DCH + L2_-DCM)

L1_L2 miss_rate = L2.DCM/L1_DCA ~ L1 _miss_rate x L2_miss_rate

If L2 DCH+L2_DCM ~ L1_DCM thenthe L1_L2 miss_rate holds true. L1_L2_miss_rate
represents the percentage of data accesses that resulted in both an L1 cache miss and L2 cache

miss. Please keep in mind that miss rate is represented by a value between 0.0 and 1.0. Therefore
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the miss rate of L1-L.2 has the potential to be extrodinarily small.

Figure 6.3 illustrates the average L1 data cache miss rate over the Chapel and C kernel vari-
ants for DRAM and NVM. Profiled executions for serial (IN1T), intra-node (1N8T), and inter-
node (4N8T) are represented by blue, green, and orange respectively, where DRAM is lighter and
NVM is darker. Missing bars indicate no data (e.g. the execution did not complete due to a time
limit or no variant exists). Inter-node executions of Chapel kernels with irregular access patterns
resulted in timeouts for random read, random write, scatter, and gather. There is only one reduce
kernel implementation for Chapel.

When considering the serial execution (1N1T), strided write miss rate is nearly 100% in all
variants. High miss rate is experienced with random write, scatter, and gather which all contain
irregular access patterns. The Chapel NVM stencil kernel has a much lower miss rate but is
much less pronounced when L2 miss rate is also considered as shown in Figure 6.4. Stream write
misses about 25% of the time but the remaining Chapel kernels are under 10% miss rate for L1.

The L1 miss rates for stream read and write are lower for the intra-node and inter-node
executions in Chapel, as well as intra-node runs for random read, random write, scatter and
gather. The C variant executions yield similar L1 miss rates for stream read, stream write, strided
read, strided right, and stencil but the NVM inter-node execution is lower. Random read, random
write, scatter, and gather have similar miss rate patterns, but for the C variants miss rate is higher
for NVM than DRAM where as in Chapel lower miss rates can be associated with inter-node
executions. The reduce variants for both C and Chapel yield higher miss rates for intra-node and
inter-node when compared with serial.

Both L1 and L2 miss rates are taken into consideration for Figure 6.4. For serial executions

(IN1T) the patterns are similar between Chapel and C for the serial configuration. However, the
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NVM stream read and reduce implementations both yield a higher miss rate than the DRAM
variants. Stream write miss rate is still almost 100% and high miss rates are experienced in
Chapel random write, scatter, and gather kernel variants due to irregular access patterns.
Intra-node executions (1N8T) include the L1-L.2 miss rate for various kernel variants on 1
node with 8 threads. In the case of strided read, strided write, random write, scatter, and gather
the NVM variants appear to have a lower miss rate than DRAM. Chapel NVM and DRAM kernel
variants were compiled to different binaries so the difference in miss rate could be attributed to
differences in GCC compiler optimizations. The overall miss rates are much lower for all of the
Chapel implementations due to overhead in the runtime framework which likely contributes to L1
data accesses. Therefore, the results of miss rate for this configuration are less compelling. The
same holds true for the 4 nodes with 8 threads each. Like the intra-node, inter-node executions
of the reduce kernel yielded a higher miss rate than the serial executions. Also like intra-node,
stream read and write produced lower miss rates than the serial variants. Due to timeout, all vari-
ants with irregular access patterns failed to complete their executions regardless of the memory
environment since most of their accesses are remote. Random access to remote memory presents
performance issues in Chapel due to fine-grain communications. T. Rolinger et al. [52] used
network cache to address reduntant accesses and adaptive prefetching [59] techniques to mitigate

the latencies of remote irregular patterns.

6.2.4 Microbenchmarks

The previous section demonstrated the cache performance of various basic operations for
different memory environments independently. In this section, the same experiement was con-

ducted over microbenchmarks to show how a variety of different operations impact cache perfor-
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mance. The microbenchmarks I will use to demonstrate this are LULESH or Livermore Unstruc-
tured Lagrangian Explicit Shock Hydrodynamics, from HPC Challenge Codes: 1D FFT, HPL
(High Perfornamce Linpack), PTRANS, and from the Chapel Computer Language Benchmarks
Game Codes: SpectralNorm (of an infinite matrix), and Mandelbroat-fast. I chose LULESH for
it’s complexity and large number of block distributed variables and because it uses an outer se-
quential loop to simulate shock hydrodynamics. FFT was considered since it utilizes both block
and cycle distribution to implement a well established algorithm in scientific computing. HPL
implements a solver for a linear system of equations that uses a block-cycle dimension specifier
for a 2D distribution to perform LU factorization and back substitution. PTRANS was chosen
for its use of block-cycle distribution to perform a parallel matrix transpose. SpectralNorm com-
putes the induced 2-norm of a conceptually infinite matrix. Mandabrot-fast was examined since
plotting a fractal image can produce chaotic access patterns.

Figure 6.5 represents the average L1 data cache misses for serial (IN1T), intra-node (IN8T),
and inter-node (4N8T) executions over each microbenchmarks implemented in Chapel. Notice
the SpecralNorm microbenchmark has effectively the same L1 data cache misses regardless of
how the execution was distributed over computational resources. This serves as a good baseline
that demonstrates the cache profiling is correct. The same can almost be said about Mandelbroat-
fast except that the NVM variant incurred more misses for the intra-node execution. LULESH,
FFT, HPL, and PTRANS are similar in that the DRAM variants had fewer misses than the NVM
variants for serial and inter-node runs and inter-node executions for LULESH and PTRANS
yielded significantly more misses.

For Figure 6.6, the left chart illustrates the average L1 data miss rate and the right chart the

average L1-L2 data miss rates. The L1 miss rates for LULESH, HPL, and Mandelbroat-fast are
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around or less than 1% regardless of the execution on computational resources, with the highest
average miss rate resulting from LULESH inter-node executions at 1.0526%. This means that L1
data cache is handling 99% of the memory accesses for these microbenchmarks. Also serial and
intra-node miss rates are approximately 4 times higher than the inter-node (4 nodes) miss rates
for SpectralNorm. The average L1-L.2 data miss rates represent the percentage of accesses that
are missed in both the L1 and L2 data cache. No L3 cache counters are available through PAPI

for the AMD EPYC 7763.

6.2.5 Estimating Latency and Energy Usage

NVM was incorporated in the Chapel language using the Persistent Memory Development
Kit developed by Intel to emulate a byte-addressable persistent memory environment. PMDK
provides several pmem.io libraries that can turn even a hard drive into persistent memory. How-
ever, the CPU is unable to access NVM directly. Instead PMDK facilitates the loading and
managing of data pools into virtual memory via mmap operations. Although this approach al-
lows NVM accesses missed by the cache to potentially benefit from DRAM latencies which hide
the NVM latencies of loaded data, the entire process is still constrained by the limited capacity
of DRAM.

As NVM technologies continue to improve, their performance characteristics increasingly
rival DRAM. For the scope of this study, lets consider a computer architecture that supports direct
access to a byte-addressable NVRAM, which operates along side DRAM. On this architecture,
the use of mmap is no longer necessary since NVM access does not need to be brokered through
DRAM. Also there is no longer a need to remap any pmem_direct pointers contained within the

structures of NVM heap objects in subsequent executions. NVM access is no longer shadowed
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by DRAM latencies. Instead the architecture recognizes persistent memory in the same way
DRAM is utilized, with full access to the large capacity of NVM. How might NVM compare
in terms of latency and energy consumption when standing on the same footing as DRAM? In
this section, we will explore the performance characteristics of different memory configurations
under the proposed architecture.

To estimate the latency and energy impact on performance, hardware profilers were em-
ployed to model the latency and energy characteristics associated with the operations for vari-
ous NVM, DRAM, and SRAM memory technologies. The two hardware profilers I used were
NVSim and DESTINY. NVSim [124] [125] [126] is a circuit-level NVM performance, energy
and area estimation modeler that supports STT-RAM, PCRAM, ReRAM, and NAND Flash.
DESTINY [116] [117] [118] is a microarchitecture tool, built on NVSim, which support both
2D and 3D SRAM cache designs, eDRAM, STT-RAM, PCRAM, and ReRAM. Models and pro-
files can be found in sections C.1 and C.2. Hardware profile characteristics have been verified in
[116] [117] [127] [20].

The Purity data-centric profiler was employed to profile the execution of a LULESH Chapel
variant with a problem size of elemsPerEdge=48. LULESH is composed of both global and
function scope user-defined variables which allocate objects on the heap. For this experiment
all global user-defined variables were defined as persistent and allocated in NVM instead. All
function scope user-defined variables which resulted in allocations remained in DRAM. For sim-
plicity, the run was performed on Zaratan with 1 compute node over 8 threads.

Purity provides several options for data sampling, based on signal processing implemented
via sigalarm, sigprof, and PAPI. A signal handler is used to toggle between on’ and ’off” phase

intervals during runtime execution. Sampling takes place during the ’on’ phase, at which time

101



detailed information about local and remote data accesses are logged for post analysis. By ad-
justing the sample intervals, log file size and analysis time can be greatly reduced. In addition,
Purity maintains a basic summary count of operations which are aggregated over compute nodes

and reported at the end of execution.

Operations Reads Writes Total Percent
DRAM 1,201,740 220,423 1,422,163 | 19.54%
NVM 1,397,431 385,691 1,783,122 | 24.49%
Ancillary 2,056,482 2,018,046 4,074,528 | 55.97%
Sampled 4,655,653 2,624,160 7,279,813 | 0.005%
Actual 103,482,618,945 | 40,975,255,632 | 144,457,874,577

Tab. 6.2: Data Profile Summary for LULESH elemsPerEdge=48

For the LULESH profiling, sample intervals of 0.01 seconds for the "on’ phase and 9.99
seconds for the *off” phase were used to sample data accesses via sigprof through Purity. How-
ever, this does not necessarily translate into 0.1% of the data being sampled. According to table
6.2, only about 0.005% of the data was sampled during the execution or 20 times smaller than the
expected 0.1%. Data sampling uses sigprof which relies on a timer that is not perfectly accurate
and asynchronous signals which may not immediately call the handler. This can lead to delays
and shorter record times when sampling. Actually, I consider the inconsistencies of sigprof to
be an advantage as I had considered periodically adding small random values to the intervals to
avoid a potentially rare case of the sample rate synchronizing with the programs’s execution. Hy-
pothetically, perfect timing consistently recording from the same parts of a loop during the *on’
phase while consistently not recording from others parts of the same loop due to always being
executed during the ’off’ phase would produce a profile that is not representative of the entire

execution. Since sigprof is not perfectly accurate, this case can be avoided when sampling data.
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Table 6.2 gives an overview of total operations broken down by different categories. Sam-
pling comprises of DRAM, NVM, and ancillary operations. DRAM refers to the number of
sampled operations that could be mapped to heap objects associated with user-defined variables

that were allocated in DRAM, and the same for NVM.

Listing 6.10: chpl_localeID_to_locale in Chapel ‘

proc chpl_localelID_to_locale(id : chpl_localeID_t) : locale {
if rootLocale._instance != nil then
return (rootlocale._instance:borrowed
AbstractRootLocale?) !.localeIDtoLocale (id);
else {

Ancillary operations may not directly relate to user-defined variables but instead help fa-
cilitate various aspects of the runtime environment. Listings 6.10 and 6.11 show an example
of high frequency ancillary operations stemming from the chpl_gen_comm_get() calls inside
chpl_localeID_to_locale(). Instances of locale objects are used to facilitate forall loops and re-
solving their wide references using locale identifiers often generates local accesses and some-
times remote communications. Purity maps all ancillary operations to a file and line number and
upon further inspection nearly 85% of these operations are either attempting to resolve a locale
or facilitate the task management layer.

Actual operations refer to the total operations over the entire execution that were processed
through compiler generated communication functions. These functions are used to perform read
and write operations to both local and remote objects on the PGAS, which makes them ideal for
profiling. Only a small subset of operations are logged by the profiler. Since only 0.005% of the

accesses were sampled, the number of read and write operations for each user-defined variable
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Listing 6.11: chpl_localeID_to_locale in compiler generated C

/* ChapellLocale.chpl:797 x/
static void chpl_localelID_to_locale(...) {

chpl_macro_tmp_2754.1locale = (coerce_tmp_chplb).locale;
chpl_macro_tmp_2754.addr =
& (((object_chpl) ((coerce_tmp_chplb) .addr))->chpl__cid);
chpl_gen_comm_get ( ( (voidx) (&chpl_macro_tmp_ 2755)),
chpl_nodeFromLocaleID (& ( (chpl_macro_tmp_2754) .locale),
INT64 (0), INT32(0)), (chpl_macro_tmp_2754) .addr,
sizeof (int32_t), COMMID (27), INT64(799), INT64(24));

chpl_macro_tmp_2759.1locale = (&ret_chpl2)->locale;
chpl_macro_tmp_2759.addr =
& (((object_chpl) ((&ret_chpl2)->addr))->chpl__ cid);
chpl_gen_comm_get ( ( (voidx) (&chpl_macro_tmp_2760)),
chpl_nodeFromLocalelID (& ((chpl_macro_tmp_2759) .locale),
INT64 (0), INT32(0)), (chpl_macro_tmp_2759) .addr,
sizeof (int32_t), COMMID (28), INT64(799), INT64(24));

goto _end_chpl_localeID_to_locale_chpl;
} else {
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were scaled accordingly so that the estimations would represent the entire execution.

Depending on the number of nodes and amount of data that is sampled, the post analysis
simulation can take a while to complete. For instance, LULESH profiling of 1 node with 8 CPU
cores with a problem size of 48 elements per edge executed with dynamic analysis in 4,834 sec-
onds and generated a 730 MB operation log file with 11,987,056 lines. However, the post analysis
simulation took 159,447 seconds or 44 hours, 17 minutes, and 27 seconds to complete. The com-
pletion time for post analysis profiling is effected by the number of nodes, CPUs, user-defined
variables, sample rate, and duration of execution. Performing the more expense computations
in post analysis allows Purity’s dynamic analyzer to take most operations offline instead of gen-
erating memory access and communication traffic that could impact the data-centric profile. As
long as the sample rate is small, dynamic analysis can remain very light weight. In addition, the
post analysis simulator generates all of the underlying results needed that when combined with
hardware profiles can make quick estimations on how the execution may look on a cluster with
different memory hardware configurations.

A standard compute node on Zaratan uses two AMD EPYC 7763 chips. Each chip contains
64 CPU cores with a 64 KB L1 and 512 KB L2 cache per core, and a 256 MB L3 shared cache
[121]. When profiling the cache, counters were available for L1 and L2 data cache but not L3.
Cache profiles of the LULESH hybrid variant yielded an average L1 miss rate of 0.2149% and
L2 miss rate of 22.0272% over all of the CPU cores. For better representation, averages over
each CPU core were used to calculate the read and write latency and energy aggregates. The
averages are based on cache profiles from five separate executions of LULESH on Zaratan using
8 CPU cores on 1 compute node. Figure 6.7 uses a box and whisker’s plot to illustrate statistics

for each CPU’s L1 and L2 data cache miss rate. The average is indicated by "x’ connected by
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Fig. 6.7: LULESH: L1 and L2 Data Cache Miss Rate by CPU Core
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a line between each adjacent CPU, which is used in the subsequent analysis. The whisker’s
represent the minimum and maximum thresholds. Any data points beyond these thresholds are
considered outliers. Finally, the boxes indicate the first and third quartiles with the median line
runing through them,

The analysis combines data-centric profiling of local and remote memory accesses, cache
profiling of CPU cores, and hardware profiling of various memory components to make projec-
tions on latency and energy usage as well as estimations of memory impact on execution time
and energy footprint for different memory configurations. Impact on execution is an estimations
of time, energy, and power for profiled parallel execution running on an architecture with a given
memory configuration. This analysis is used to answer three questions: When is NVM perfor-

mance comparible to DRAM? When is it not? And how does NVM impact on the execution?

When does NVM perform like DRAM?

A configuration represents choices of CPU cache and memory hardware for a standard
compute node on a cluster. Each configuration is composed of a set of hardware memory profiles
assigned to L1 and L2 data cache, DRAM, and NVM. Using a profiled execution of a benchmark
or application, estimations can be made on how the application might perform on new hardware.

Consider the following configuration.

Configuration Latency (ns) Energy (nJ) Power (W)
Type Memory | Read | Write | Refresh | Read | Write | Refresh | Leakage
L1 SRAM 0.849 0.781 0.0111 | 0.0069 0.00321
L2 SRAM 2.220 2.220 0.0198 | 0.0053 0.01186
DRAM | DDR4 12.570 | 12.570 | 451.282 | 0.0982 | 0.0996 | 94.932 5.41500
NVM | PCRAM | 33.808 | 183.400 0.2355 | 26.0350 2.78700

Tab. 6.3: Memory Configuration with Phase-Change Memory
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The latency and energy metrics in table 6.3 were generated from hardware profiles run
through the DESTINY hardware simulator. This configuration uses a PCRAM with a read la-
tency of 2.69x and write latency of 14.59x higher than DRAM. Accesses to PCRAM consume
2.4x more read and 261.4x more write energy than on DRAM. However, DRAM requires a peri-
odic memory refresh to maintain the data in memory and while not active, incurs a power leakage
nearly twice (1.94x) as high as PCRAM. Therefore, PCRAM is slower and consumes more en-

ergy per operation but will still consume less energy over the course of execution than DRAM.

DRAM Op Read Latency (s) Op Write Latency (s)
Variable | With Cache | No Cache | With Cache | No Cache

y8n 2.084 30.426 0.073 1.162
x8n 2.083 30.425 0.073 1.159
z8n 2.081 30.383 0.073 1.157
dvdx 2.050 29.936 0.074 1.171
dvdy 2.047 29.899 0.074 1.167

Op Read Energy (J) Op Write Energy (J)
Variable | With Cache | No Cache | With Cache | No Cache

y&n 13.93 121.67 0.326 4.70
x8n 13.93 121.75 0.327 4.70
z8n 13.91 121.57 0.326 4.69
dvdx 13.70 119.71 0.329 4.73
dvdy 13.69 119.59 0.328 4.72

Tab. 6.4: DRAM Latency and Energy, Top Variables: Cache vs No Cache

Table 6.4 refers to the top five user-defined variables in DRAM, ranked based on the num-
ber of local and remote operations performed on their associated heap objects on the PGAS. The
latency and energy aggregates are computed from the L1 (SRAM), L2 (SRAM), and DRAM
properties using the average miss rates from the cache profiles and compared with a no cache ad-
vantage. The aggregate values represent estimations over all compute nodes, CPU cores, memory
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environments, and over the duration of execution.

PCRAM Op Read Latency (s) Op Write Latency (s)
Variable With Cache | No Cache | With Cache | No Cache
elemToNode 6.00 232.38 0.000 0.00
X 3.09 119.51 0.287 59.16
y 3.08 119.32 0.286 59.05
z 3.08 119.12 0.287 59.19
xd 2.18 84.50 0.653 134.55

Op Read Energy (J) Op Write Energy (J)
Variable With Cache | No Cache | With Cache | No Cache
elemToNode 39.84 828.71 0.000 0.00
X 2.56 53.28 0.444 537.46
y 2.56 53.19 0.443 536.47
z 2.55 53.10 0.444 537.79
xd 1.81 37.67 1.012 | 1,222.38

Tab. 6.5: NVM Latency and Energy, Top Variables: Cache vs No Cache

Similarly, table 6.5 illustrates the estimated aggregates for the top five user-defined vari-
ables in NVM. The L1, L2, and PCRAM properties are used along with the aforementioned cache

miss rates to perform the calculations.

Operation Latency (s) Operation Energy (J)

Totals Read Write Read Write

With No With No With No With No

Cache Cache | Cache Cache Cache | Cache Cache Cache
DRAM 20.53 299.74 3.47 54.94 89.65 783.29 3.65 52.59
Ancillary | +30.73 | +448.84 | +27.79 | +440.45 || +25.69 | +224.51 | +15.52 +223.38
PCRAM 24.20 937.50 6.81 | 1,403.65 5499 | 1,143.87 | 10.55 | 12,759.62
Total 75.46 | 1,686.07 | 38.07 | 1,899.05 || 170.33 | 2,151.66 | 29.73 | 13,035.59

Tab. 6.6: Latency and Energy Totals by Memory Component using PCRAM

In table 6.6, the previous two tables are totalled by their respective memory component.
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DRAM refers to operations performed on heap objects associated with user-defined variables.
All other operations in the DRAM environment are considered ancillary. Config represents the
estimated total local and remote operation latency and energy usage of scaled operations over all
user-defined variables, compute nodes, CPU cores, memory environments, and ancillary accesses

during the entire execution.

Totals Operation Latency (s) Operation Energy (J)

With Cache | No Cache | Benefit || With Cache | No Cache | Benefit
DRAM 23.99 354.68 | 93.24% 93.30 835.88 | 88.84%
Ancillary +58.53 | +889.29 | 93.42% +41.21 | +447.88 | 90.80%
PCRAM 31.01 | 2,341.15 | 98.68% 65.54 | 13,903.49 | 99.53%
Total 113.53 | 3,585.12 | 96.83% 200.06 | 15,187.25 | 98.68%

Tab. 6.7: Latency and Energy Totals, Cache Benefit using PCRAM

Table 6.7 illustrates the latency and energy benefits from using a cache. The aggregated
totals estimate the resources spent on each memory component. The configuration latency total
(with cache) could be thought of as the combined latency of all operations over all nodes and CPU
cores categorized by each memory component for the given memory hardware configuration.

The total number of sampled operations that were directly mapped to heap objects of user-
defined variables are 1,422,163 for DRAM and 1,783,122 for PCRAM, according to table 6.2.
There are almost twice (1.254x) as many PCRAM operations than DRAM for the profiled exe-
cution. Therefore, to make a fair comparision, the total latencies of both environments need to
be normalized by the number of operations. Dividing the total latency of PCRAM with cache of
31.01 by 1.254 yields 24.73 which is close to the total latency of 23.99 for DRAM by 1.031x.
With a difference of only 3.1% impact on execution time, PCRAM performs similarly to DRAM

and validates the hypothesis.
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Estimated Latency (ns)
Memory Read Write

DRAM | 0.854792 | 0.787373
PCRAM | 0.860737 | 0.835381

1.007x 1.061x

Tab. 6.8: Estimated Read and Write Latencies based on Simplified AMAT

The performance of DRAM and PCRAM can also be compared by calculating the esti-
mated average read and write latencies of accesses to each memory environment while benefiting
from using cache. Table 6.8 illustrates a weighted average over CPU cores of read and write laten-
cies by memory environment. Although the latency profile for PCRAM is 2.69 and 14.59 times
the read and write latencies of DRAM according to table 6.3, the findings indicate that the read
latencies for DRAM and PCRAM are almost identical (1.007x) and the PCRAM write latency
is only 1.061 times higher than DRAM. The use of cache hides the latencies of both memory
environments since operations are performed at lower latency. However, PCRAM benefits more
from using the cache than DRAM, due to it’s higher latency. Since most of the operations are
cached due to the low L1 data cache miss rates, the resulting latency differences between DRAM
and PCRAM are negligible. Therefore, the estimation of NVM performance is similar to DRAM
performance for this configuration, which supports the hypothesis in subsection 6.2.2.

Since PAPI does not support L3 cache counters for the AMD EPYC 7763 chip, L3 cache
was not considered. However, had the cache profile included L3 then further latency hiding of

DRAM and NVM operations could be modeled, which would further support the conclusion.

How does PCRAM perform vs. DRAM when applying parallelism?

The types of parallelism modeled in the analysis are compute nodes, CPU cores, and the
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number of memory channels. The end goal is to use the aggregate latency and energy of local and
remote memory accesses to estimate the impact of memory access on execution time and energy
footprint of a benchmark or application for a given configuration. The computer architecture
considered supports both DRAM and PCRAM each having 2 memory channels. Although high
performance systems may support up to 8 memory channels, only 2 were considered for the
analysis.

The modeling only regards a subset of an actual computer architecture since CPU clock
rate, instruction cache, L3 shared cache, cache block size, cache organization, cache write po-
lices, interface bandwidth between different levels of cache, and memory bus bandwidth are not
taken into consideration. Latency calculations are therefore based on a simplified average mem-
ory access time (AMAT) that uses the SRAM latencies for cache-level hit times rather than the
number of clock cycles * clock cycle time. See section B.1 for details on the AMAT calculation.
A more accurate calculation would require processor characteristics (e.g. for AMD EPYC 7763)
which are not publicly available or a generated profile of a hypothetical processor. For the scope
of this analysis, lets assume the architecture handles both memory environments the same way.
Support for AMAT calculations based on detailed processor profiles can be added to future work.

In this section, I will compare the estimated parallel performance of DRAM exclusive,
PCRAM hybrid, PCRAM mapped, and PCRAM exclusive architectural models. For DRAM
exclusive, no NVM hardware exists and all user-defined variables reside in DRAM. In PCRAM
hybrid, variables exist in both environments and DRAM handles all ancillary allocations. The
PCRAM mapped configuration hosts all variables in NVM, but the ancillary allocations still
reside in DRAM. Finally, for PCRAM exclusive, no DRAM hardware exists and all variables
are stored in NVM. Consequently, PCRAM exclusive must handle all ancillary allocations and
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operations as well. The analysis will compare estimated impact on execution time, energy, and
power. In order to better understand the comparison, I will use data from the PCRAM hybrid

execution to illustrate how these metrics are derived.

Time (s) Energy (J)

Memory Elapsed | Operation | Leakage | Refresh | Total

L1.SRAM | 16.574 | 190.780 0.099 190.88
L2_SRAM 0.123 0.722 1.672 2.39
DRAM 0.100 0.472 | 190.687 3.725 | 194.88
Ancillary +0.251 +0.252 | -2.714 -2.46
PCRAM 0.659 7.832 | 95.025 102.86
Total 17.707 | 200.059 | 284.769 3.725 | 488.55

Tab. 6.9: PGAS Elapsed Time and Energy Summary for PCRAM Hybrid Execution

Table 6.9 represents a view of elapsed time and aggregate energy by memory environment
over the PGAS for the PCRAM hybrid execution. When producing elapsed time, L1 and L2
data cache operations were separated from the DRAM and PCRAM. Some DRAM and PCRAM
operations still occur as a result of cache misses. Although the elapsed time for PCRAM is an
order of magnitude larger than DRAM, both have a marginal impact on the overall elapsed time
when compared with L1.

For PCRAM hybrid, all ancillary allocations exist in DRAM. Since leakage is a loss of
energy when a memory component is not actively in use, the time spent handling ancillary oper-
ations effects the overall energy leakage calculation. Aside from leakage, when just considering
operation and refresh energy, PCRAM appears to have a smaller energy footprint than DRAM.
This is also the case when adding refresh energy to total operation energy from table 6.7. Once the
estimated impact on execution time in table 6.11 is known, the total refresh energy for DRAM

can be calculated using the profiled component’s refresh latency and energy. Refresh latency
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refers to how often the memory component needs to be refreshed to retain its state and refresh
energy is the energy consumption required. Total refresh energy is scaled by the estimated impact

time and added to the energy consumption for DRAM.

PGAS Elapsed Summary for PCRAM Hybrid
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Fig. 6.8: PGAS Elapsed Time and Energy Consumption by Percentage for PCRAM hybrid

Figure 6.8 illustrates each memory environment by percentage. Given the low miss rates
of L1 from the cache profiling, most of the elapsed time is spent in L1 data cache. However,
since cache profiling relies on cache counters, the mapping between each operation and their
respective memory environment is unknown. Consequently, miss rates are applied evenly over
DRAM, NVM, and ancillary operations.

Elapsed time and energy consumption for L1 and L2 are calculated for each CPU of a
compute node. To achieve this, the associated thread identifier of each sampled operation was
recorded during Purity’s dynamic analysis. Since Chapel’s FIFO task management layer maps

each thread to a CPU core for the duration of execution, latency and energy can be aggregated by
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thread / core.

Elapsed (s) Energy (J)
Node | CPUs | Local | Remote | Total | Operation | Leakage | Refresh | Total
0| 8[1771] 000]17.71] 20006 | 284.77| 3.72 | 488.55

Tab. 6.10: Cluster Elapsed Time and Energy Summary for PCRAM Hybrid Execution

Table 6.10 represents the elasped time and energy footprint impact by compute node over
the cluster. To calculate the elapsed time per node, the thread with the maximum elapsed time
over all memory environments is selected. The thread on the compute node with the maximum
elapsed time is broken down by memory environment to produce the time values for table 6.9.
The impact on execution time in table 6.11 can be found by taking the maximum elapsed time
over each compute node. Total energy is broken down by operation, leakage and refresh energy.
Leakage and refresh energy are computed once the execution impact time is known.

The estimated impact on execution time represents the memory access impact on execu-
tion based on latencies and parallelism. The memory energy footprint represents the total energy
consumed over all relevant CPU cores and memory environments. Since the microbenchmark
execution shared compute node resources with other applications, the cores that were not used
during execution were not considered in the energy calculation. Finally, the power consump-
tion in watts (joules / second) can be determined by dividing the total energy by the impact on
execution time.

Table 6.11 and Figure 6.9 show the estimated impact on execution time, energy, and power
for all four models. When observing impact time, DRAM exclusive is only 1.16x faster than
PCRAM exclusive, 1.05x faster than PCRAM mapped, and 1.03x faster than PCRAM hybrid,

which supports the hypothesis in subsection 6.2.2. This is due to the benefits that PCRAM gains
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Fig. 6.9: Estimated Impact on Execution Time, Energy, and Power using PCRAM
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Estimated Impact on Execution
Configuration Variables | Ancillary || Time (s) | Energy (J) | Power (W)
DRAM Exclusive DRAM DRAM 17.17 378.67 22.05
PCRAM Hybrid Hybrid DRAM 17.71 488.55 27.59
PCRAM Mapped NVM DRAM 18.06 501.36 27.76
PCRAM Exclusive | NVM NVM 19.96 336.47 16.86

Tab. 6.11: PCRAM: Estimated Impact of Memory on Execution Time and Energy Footprint

from low L1 and L2 data cache miss rates from Figure 6.7, which hide the higher latency of
PCRAM and the fact that the remaining accesses to PCRAM only impact the execution time by
at most an estimated 2.79 seconds. Concerning energy consumption, PCRAM exclusive is 11%
more energy efficient than DRAM exclusive and 23.5% more power efficient. PCRAM hybrid
and PCRAM mapped consume more energy because their architectures must power both DRAM
and NVM. Storing all user-defined variables in NVM, as opposed to hybrid, slightly increased the
estimated energy consumption over a longer execution impact time, which resulted in a slightly
lower power usage. Keep in mind that results only considered the energy consumption of the
memory system and not the network. CPU energy only accounts for L1 and L2 data cache for
the cores that were used.

Figure 6.10 illustrates a sweep over L1 data cache miss rates to estimate the impact on
execution time for all models. The L2 miss rates from Figure 6.7 are still used when producing
the estimations. In all four cases, the impact time grows linearly when L1 miss rate is increased.
Although the figure only shows a sweep up to 1% miss rate, higher miss rates yield the same
gradients. DRAM exclusive, PCRAM hybrid, PCRAM mapped, and PCRAM exclusive increase
at a rate of 2.57, 4.94, 6.52, 15 seconds per L1 data cache miss rate percent respectively, and

diverge from DRAM exclusive at a rate of 2.37, 3.95, and 12.43. There is a tradeoff between
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Estimated Impact Time (s)

The last configuration illustrated how DRAM and NVM can perform similarly when using
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Fig. 6.10: Estimated Impact Time for .1 Data Cache Miss Rate Sweep by Model

impact on execution time and increased capacity, persistency, energy efficiency when storing
some or all user-defined variables in NVM. However, PCRAM hybrid is only 1.12x slower than
DRAM exclusive at 1% L1 miss rate, 1.56x at 10%, and 1.87x at 100%, while PCRAM mapped
is 1.21x higher at 1%. Recalling the average L1 miss rate of 0.2149% for the profiled execution,
the differences for 0.2% miss rate are 1.03x, 1.05x, and 1.15x when compared with DRAM
exclusive. This indicates that when L1 data cache miss rate is low, the performance for PCRAM

is similar to DRAM.

When does NVM not perform like DRAM?

the profile properties of PCRAM. However, similarity in performance still depend largely on how

many orders of magnitude slower the latency for NVM is than DRAM.
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Configuration Latency (ns) Energy (nJ) Power (W)
Type Memory Read Write | Refresh | Read | Write | Refresh | Leakage

L1 SRAM 0.849 0.781 0.0111 | 0.0069 0.00321
L2 SRAM 2.220 2.220 0.0198 | 0.0053 0.01186
DRAM | DDR4 12.570 | 12.570 | 451.28 | 0.0982 | 0.0996 | 94.932 5.41500
NVM | SLCNAND | 16,256 | 200,440 696.41 | 1,782 0.00074

Tab. 6.12: Memory Configuration with Single-Level Cell NAND Flash

The configuration in table 6.12 uses the same L1, .2, and DRAM memory component pro-
file properties from the previous configuration. However, Single-Level Cell NAND Flash is now
used for NVM with orders of magnitude greater read and write latency and energy characteristics
than PCRAM. The profile read and write latencies for SLCNAND are 1,293 and 15,946 times
that of DRAM. Also notice the power leakage of SLCNAND is very small when compared with
the leakage of PCRAM from the previous configuration. Both were generated by the DESTINY

hardware memory profiler. See the Appendix for memory models and profiles.

Totals Latency (s) Energy (J)

With Cache | No Cache | Benefit || With Cache | No Cache | Benefit
DRAM 24 355 | 93.2% 93 836 | 88.8%
Ancillary +59 +889 | 93.4% +41 +448 | 90.8%
SLCNAND 1,148 | 1,984,849 | 99.9% 2,455 | 4,256,176 | 99.9%
Total 1,231 | 1,986,093 | 99.9% 2,590 | 4,257,459 | 99.9%

Tab. 6.13: Latency and Energy Totals: Cache Benefit

When considering SLCNAND hybrid, as table 6.13 illustrates, even through SLCNAND
benefits greatly from using cache, the total latency is significantly high than DRAM. Since the
total latency with cache is over 51 times higher (51.3x) than DRAM, normalizing by the number
of operations will not close the gap. The resulting value of 915.47 for SLCNAND is more than

38 times (38.2x) the total latency of 24 seconds for DRAM. The higher cache benefit cannot
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make up the difference. Even with low L1 data cache miss rates, the aggregated total latency for
SLCNAND flash comprises of 93.3% of the total latency for the entire configuration, which will

inevitably impact the execution.

Estimated Latency (ns)
Memory Read Write

DRAM 0.854792 | 0.787373
SLCNAND | 5.416083 | 57.096267

6.336x 72.515x

Tab. 6.14: Memory Configuration with Single-Level Cell NAND Flash based on Simplified AMAT

Furthermore, when considering the estimated weighted average read and write latencies
for DRAM and SLCNAND from table 6.14 , the latencies for SLCNAND are 6.3 and 72.5 times
that of DRAM. Although this is still a dramatic improvement from 1,293x and 15,946x due
to latency hiding as a result of using the cache, SLCNAND still performs much slower than
DRAM. Therefore, given the profile characteristics for the memory configuration in table 6.12,

SLCNAND flash will likely never perform as well as DRAM.

Time (s) Energy (J)

Memory Elapsed | Operation | Leakage | Refresh | Total

L1_SRAM 16.57 190.78 14.44 205.22
L2_SRAM 0.12 0.72 54.65 55.37
DRAM 0.10 047 {6,239.21 | 121.21 | 6,360.89
Ancillary +0.25 +0.25 -2.71 -2.46
SLCNAND | 559.16 | 2,397.78 0.03 2,397.81
Total 576.20 | 2,590.01 | 6,305.61 | 121.21 | 9,016.83

Tab. 6.15: PGAS Elapsed Time and Energy Summary for SLCNAND Hybrid Execution

When taking parallelism into consideration, according to Figure 6.11 and table 6.15, even
though most of the operations benefit from cache, the latencies from SLCNAND flash still dom-
inate the overall elapsed time. However, 70.5% of the energy consumption can be attributed to
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PGAS Elapsed Summary for SLCNAND Hybrid
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Fig. 6.11: PGAS Elapsed Time and Energy Consumption by Percentage for SLCNAND Hybrid

DRAM.
Estimated Impact on Execution
Configuration Variables | Ancillary | Time (s) | Energy (J) | Power (W)
DRAM Exclusive DRAM | DRAM 17.17 378.67 22.05
SLCNAND Hybrid Hybrid DRAM 576.20 | 9,016.83 15.65
SLCNAND Mapped NVM DRAM 932.25 | 16,658.54 17.87
SLCNAND Exclusive | NVM NVM 3,074.59 | 9,775.80 3.18

Tab. 6.16: SLCNAND: Estimated Lower-bound Execution Time Impact and Memory Energy Footprint

Table 6.16 and Figure 6.12 compare SLCNAND hybrid, mapped, and exclusive with DRAM
exclusive. As the program relies more on SLCNAND to host some, all user-defined variables,
and even ancillary allocations, the impact on execution time diverges greatly in comparison to
DRAM exclusive. The energy consumption for SLCNAND hybrid and mapped are high due to
DRAM’s leakage and refresh energy requirements. SLCNAND exclusive consumes very little
power due to a very low power leakage in it’s hardware profile, no refresh energy requirement,

and the fact that DRAM does not exist in this model. The energy consumption estimates only
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Fig. 6.12: Estimated Impact on Execution Time, Energy, and Power using SLCNAND
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apply to the memory system. Network and CPU energy are not considered beyond L1 and L2
data cache on the cores used in the profiled execution.

For a second comparison, Zaratan compute node SATA SSD latencies were estimated and
modeled to produce a NVM hardware profile. Since NVM was emulated during the microbench-
mark’s profiled execution, lets consider a configuration using the existing L1, L2, and DRAM
profile latencies with the performance of a standard compute node’s SATA SSD on Zaratan for
the NVM environment. To measure the latencies for read and write operations on the SSD, I ran
the ’1ostat xd 1’ command for 5 minutes on a compute node and parsed all of the nonzero r_await
and w_await values for sda. The r_await and w_await metrics represent the average read and write
times in milliseconds, including request time spent in the queue [128]. The minimum r_await
(read) and w_await (write) are 0.08ms and 0.05ms which were applied to Zaratan SSD as NVM
latencies.

Read and write dynamic energy of 0.48mJ and 0.325mJ for the SSD was calculated from
figures (6W read, 6.5W write) derived from an article [129] on SATA SSD power consumption as
well as an idle power (as opposed to leakage) of 1.125W. The difference is idle power is consumed
to maintain power to a SSD device while idle and power leakage refers a rate at which a memory
cell losses energy when not actively being accessed. High leakage can result in problems with
data retention. However, SSD devices do not have this problem.

The SSDs on Zaratan’s standard compute nodes composed the actual emulated hybrid-
PGAS NVM environment that the profiled execution ran on. Therefore, I modeled and developed
an NVM profile based on it. However, since the NVM profile is based on an SSD dual memory
channels were not considered. To model the SSD as memory, I took the latency performance char-

acteristics and energy estimations and applied them as a hypothetical byte-addressable NVRAM.
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Latency (ns)
Hardware Profile Estimated AMAT
NVM Read Write Read Write
PCRAM 33.8 1834 0.861 0.835
SLCNAND | 16,256.0 | 200,440.0 5416 | 57.096
Zaratan SSD | 80,000.0 | 50,000.0 || 45.781 28.878

Tab. 6.17: Comparing Zaratan SATA SSD await times with estimated latencies

The same calculations were then performed on the new configuration to produce the latency totals
and estimated AMAT. Table 6.17 contains Zaratan SATA SSD read and write latencies derived
from r_await and w_await as well as the cooresponding estimated AMAT. PCRAM and SLC-
NAND flash were also added for comparison. The result is a really slow NVM environment that

performs worse than SLCNAND flash.

Estimated Impact on Execution
Configuration Variables | Ancillary | Time (s) | Energy (J) | Power (W)
DRAM Exclusive DRAM | DRAM 17.17 378.67 22.05
Zaratan SSD Hybrid Hybrid | DRAM | 1,482.11 | 25,647.19 17.30
Zaratan SSD Mapped NVM DRAM || 2,681.82 | 46,297.83 17.26
Zaratan SSD Exclusive NVM NVM 5,278.75 | 33,081.54 6.27

Tab. 6.18: Zaratan SSD: Estimated Lower-bound Execution Time Impact and Memory Energy Footprint

According to table 6.18, predictably the Zaratan SSD estimated impact on execution times
diverge even more than SLCNAND flash. As a consequence of slower execution, Zaratan SSD
hybrid, mapped, and exclusive also consume far more energy than the PCRAM and SLCNAND
models, since the impact time is longer. As I have established, there are cases when NVM latency

is so slow that NVM will never perform like DRAM.
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6.2.6 Conclusion

In conclusion, cache performance profiling was studied and applied to establish estima-
tions of latency hiding of slower memory such as NVM. Kernel variants in both Chapel and
C/MP1/OpenMP for DRAM vs NVM over different compute node resources were cache profiled
to model and compare their performance with various access patterns for L1 and L2 data cache.
We learned that data cache miss rates on L1 for stream read and reduce are low, while strided
write and kernels that use irregular access patterns yield very high miss rates. Microbenchmarks
were profiled to illustrate how levels of cache can hide the latencies of slower memory environ-
ments lower in the hierarchy. The cache profiles of all microbenchmarks, except SpectralNorm
and ptrans 4N8T, resulted in L1 data cache miss rates of around or below 1% and when com-
bined with L2, without exception all microbenchmarks L.1-L.2 data cache miss rates were around
or below 1%. I then used the cache profile of LULESH to estimate the impact on execution time,
energy, and power for DRAM exclusive, hybrid, NVM mapped, and NVM exclusive cases for
various configurations to determine when NVM performance is similar to DRAM and when it is
not. PCRAM hybrid performed similarly to DRAM exclusive at 1.03x when using the cache pro-
file and even showed robustness when L1 data miss rates were high, with 1.84x DRAM impact
time for 100% miss rate. PCRAM exclusive diverged, indicating that ancillary objects should be
handled by DRAM. However, SLCNAND flash and Zaratan SSD models diverged greatly from
DRAM exclusive due to their high profile latencies. Therefore, it is important that the NVM

technology has latencies that operate within 15x of DRAM, as is the case for PCRAM.
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6.2.7 'Threats to Validity

The follow items enumerate the assumptions and shortcomings that pose as threats to the
validity of the studies in this section. Althrough the findings in the conclusion can serve as
guidelines, a more expansive and deeper analysis may be necessary to determine the accuracy of

the results and further identify nuances of NVM performance under different conditions.

1. The memory profile characteristics for PCRAM were derived from DESTINY version 1.0,
released in 2016 and are based on properties adapted from models packaged with DES-
TINY and NVSim, included in sections C.1 and C.2. In one study, recent advancements in
PCM technology yielded a latency of up to 20ns [130]. Although this is a vast improve-
ment, it also means the PCRAM latencies used in the study maybe considered out of date.
Therefore, estimations made in the analysis may underestimate the performance capabil-
ities of real PCM. Furthermore, the study only considered SET and not RESET+SET for

write operations. However, followup estimations indicated the difference is minimal.

2. Persistent memory offers opportunities for up to two orders of magnitude larger capacity
than traditional memory. With larger memory utilization, further analysis is required to
determine whether or not programming models and use patterns will change and how this

will effect cache performance, memory and communcation access patterns on the PGAS.

3. Since the performance results were based on a relatively low number of threads per node,
more analysis is needed to determine how increasing the number of threads on each node
will impact level 3 shared cache and memory performance due to interleaving. This also

requires hardware that supports L.3 cache performance counters through an API like PAPI.
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6.3 Checkpoint and Recovery

6.3.1 Architectures

Emerging NVM in HPC environment will likely see NVM support on each compute node.
For instance Summit at ORNL provides 1600 GB of NVM per node [131] and Aurora at ALF uses
Intel Optane DCPMM [132]. However a team at Hewlett-Packard is developing Chapel NVM
support using Fabric Attached Memory (FAM) [11] [13]. The advantage of native compute node
NVM resources is that it allows local utilization of NVM with lower latencies than FAM over
an interconnect. However if a compute node fails then the NV heap on that node will become

inaccessable. Therefore, NV heaps need to be backed up to a shared storage environment.

6.3.2 Hypothesis

The performance characteristics for recovery will be exactly the same in a consecutive
execution since all loaded persistent memory objects will need to be remapped to the new virtual
address space. Changing problem sizes and distributed mapping may have a marginal if not
negligible impact on application performance for checkpoint operations. Since cached data is
implicitly flushed back to NVM environements, explicit flush operations will be small and using
checkpoint more often means the file operations for copying NV heap files will have the most
impact on performance. Also, file operation times will grow linearly with NV heap file sizes.

Finally, operating on remote heaps will degrade the overall performance of an application.
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6.3.3 Evaluation

Checkpoint operations should be executed in a sequential section of the program. A scien-
tific computing application will typically contain an outermost sequential loop that either uses a
time step iteration, such as for a simulator, or converges with an acceptable error threshold when
approximating a solution. Ideally a checkpoint would be added at the end of a sequential pro-
gram loop so that in the event of system failure, a consecutive execution can continue from the
last iteration. Listing 6.12 illustrates an example of this. Checkpoints can also be added between
different phases of a program.

I provide a Checkpoint module within the Chapel framework that allows for explicit request
to checkpoint data from Chapel source code. Checkpoint.backup() will perform a coforall over
locales to flush all persistent objects back to NVM and then backup the NV heap file associated
with that program for each compute node. Recovery is an implicit process that I incorporated in
the runtime environment that occurs before the user main is executed.

For the evaluation of checkpoint in Chapel, analysis was conducted to answer a few ques-
tions. What is the performance degredation and risk vs. reliability when checkpoint operations
are performed at different frequencies? When backup occurs, the compute node’s NV heap will
be stored in a remote location. In the event a node fails, all NV heaps will still be accessible re-
motely and can be mapped to new computation resources to continue the execution. How might
application performance be effected if each compute node’s active heap was remote?

The LULESH microbenchmark was used for the analysis. The Chapel implementation of
LULESH is a good candidate since the main function contains a sequential outer loop. The main

loop has two sentinel cases, stop time and maximum cycles. Similarly to listing 6.12 checkpoint
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Listing 6.12: Checkpoint General Idea

use Checkpoint;
config const n = 100000;

// these variables need to be persistent so that

// restore can continue from the previous execution
var s : persist int = 1;

var e : persist int = n;

// all data stores that need to be

// recovered should also be persistent
var ddom : persist =

var data : persist =

proc main () {
// set the range for this execution
var r = s..e;

// perform initialization only on the first run
if Checkpoint.initial_execution () then performInit ();

// sequential outer loop
for i in r do {
// parallel region(s)
forall

// update the start to the next iteration
// for recovery and consecutive execution
s =1+ 1;

// flush and backup the heaps in a

// sequential part of the program
Checkpoint.backup ()
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was added at the end of the loop. Executions were performed on UMD’s Zaratan Cluster. During
execution, an active NV heap was located on each compute node’s SSD and also stored remotely

on Zaratan’s shared BeeGFS parallel file system during each checkpoint operation.

How do different intervals of checkpoint operations effect the application?

LULESH was executed with an input size of 52 elements per edge over various resource
allocations and heap sizes per node, totaling 96GB. The analysis compares the execution times
of runs with checkpoint disabled against runs that checkpoint 3 times and 9 times during the
program’s execution to evaluate the impact of checkpoint operations on execution. Quarterly
backups perform 3 checkpoint operations at or around 25%, 50%, and 75% of the execution’s
progress respectively and 10 percent executions perform 9 backups since there is no checkpoint
operation at the beginning or end of execution.

Figure 6.13 contains two charts detailing execution performance and risk analysis for the
checkpoint system. The analysis compares no checkpoint vs. checkpoint scheduled for every
25% and 10% of the time. The total percentage of execution time spent in checkpoint was 1.2%,
to 5.4% depending on the compute node resource allocation for quarterly and 6.7% to 11.6% for 9
checkpoints, resulting in a 2.1x to 6.7x increase vs 3 checkpoints. A checkpoint backup operation
first performs flush operations over all NVM allocated objects, which has been recorded to total in
10’s of microseconds, and then stores the NV heap file of each compute node to a remote location.
The store operation time scales linearly with the heap size and comprises of the majority of the
checkpoint backup time as outlined in table 6.19. The median risk time was computed from
the elapsed times between checkpoint operations. In the event of a failure, risk time represents

the maximun elapsed time at risk for a given checkpoint frequency, as a consecutive execution
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Checkpoint Performance Impact on Execution
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will use NV heap files and restart from the last checkpoint operation. Risk time is based on the
division of execution time by checkpoint operations. When comparing quarterly and 10%, the
risk time is around 2.5x higher for the quarterly regardless of the compute node and CPU resource

allocation.

What is the performance impact of using a local vs. remote active heaps?

Lets consider two different computer architectures that use NVM technologies. For the
first one, each compute node hosts onboard support for a local NVM and backups are stored
at a remote location, such as a shared parallel file system. When an application is executed, if
they exist, remotely stored heaps are mapped and transfered to their respective compute nodes
and become local active heaps for the duration of the execution. This architectural approach to
backup and restore will be referred to as local heap. In the second case all persistent memory
is remote, for example fabric attached memory. Both active and backup heaps of each compute
node are stored remotely, which will be referred as remote heap.

When an application initially executes, each compute node creates a NV heap file. During
checkpoint, a flush and store of each NV heap file to a remote destination is performed. In the
event of a failure, the state of the NVM-PGAS can be recovered from the last checkpoint and
reconstructed for new computational resources in a consecutive run. Recovery performs a restore
operation, which is responsible for retrieving the NV heaps, loading persistent memory pools,
and remapping the direct references of persistent objects.

For the experiment, LULESH was executed with an input size of 16 elements per edge on
Zaratan with different heap sizes to compare the performance characteristics of local vs. remote

active persistent heaps for create, backup, and restore operations, to determine the advantages and
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Local Heap

Tab. 6.19: Create, Backup, and Restore Times for Local and Remote Heaps on Zaratan

133

| Heap Size IGB | 2GB | 4GB | 8GB | 16GB | 32GB
§ Create Time (s) 0.02| 002 0.03| 0.03 0.04 0.06
Q
&4 Flush Time (ms) 0.02 | 0.03| 0.04| 0.02 0.02 0.01
f’, Store Time (s) 0.77 | 120 | 3.10 | 544 | 13.34 | 27.52
m| Store Rate (GB/s) 1.29 | 1.67| 129 | 147 1.20 1.16
o Retrieve Time (s) 047 | 1.15| 226 | 4.89 9.77 | 20.35
S| Retrieve Rate (GB/s) | 2.11 | 1.74 | 1.77 | 1.64 1.64 1.57
é Load Time (s) 0.02| 0.02| 0.02| 0.02 0.02 0.02
Remap Time (s) 001| 0.01| 0.01] 0.01 0.01 0.04
Remote Heap
| Heap Size IGB | 2GB | 4GB | 8GB | 16GB | 32GB
§ Create Time (s) 9.63 | 18.73 | 36.54 | 71.25 | 148.39 | 298.20
O| Create Rate (GB/s) 0.10| 0.11 | 0O.11 | 0.11 0.11 0.11
&4 Flush Time (ms) 0.02| 0.02| 0.02| 0.02 0.02 0.02
é Store Time (s) 051 0.75| 1.82| 3.48 9.01 | 16.64
aal
© | Retrieve Time (s) 1.27 | 241 | 4531074 | 19.78 | 41.74
% Load Time (s) 0.11 | 0.05| 0.08 | 0.04 0.02 0.04
| Remap Time (s) 0.04| 0.05| 0.05| 0.03 0.03 0.05

disadvantages of each backup and restore strategy. Table 6.19 contains the times and throughput
rates of each operation for local and remote heaps from 1GB to 32GB size. All times are the
median values derived from three to five executions. One of the most noticible differences is the
heap creation times for local vs. remote. The create and load times for local heaps are roughly
the same. However, remote heap create times are from 467x to 4982x greater than local heap
creation. In both cases, the time for backup and restore operations is dominated by their store and
retrieve operations respectively, which grows linearly with the NV heap file size. Retrieve times
are roughly double for the remote case. Flush, load, and remap times are marginal for local and

remote regardless of heap size, with flush operations having the smallest time values by several



orders of magnitude.

Figure 6.14 is a graphical representation of the timing values from table 6.19, divided into
the three categories of create, backup, and restore over different heap sizes, and charted on a
binary logorithmic scale. The totals for each category are given in the bar charts. The operations
with the smallest time values were prioritized to the lowest parts of the stacked logorithmic chart
to illustrate their impact on the overall operation category. If you look very carefully, there is a
faint line at the bottom of the bars for backup that represents the flush operations. Load and remap
have roughly similar time values per table 6.19, but on a log scale, load operations appear much
larger. The create time for remote active heaps, which is incurred at the beginning of the initial
execution dominates all other operational time values. Using PMDK to create a heap remotely
significantly degrades performance and will undoubtedly impact the execution time.

Problem Size 8 16 24 32 40 48 56 64

Local | 0.020 | 0.022 | 0.025 | 0.037 | 0.043 | 0.047 | 0.048 | 0.052
Remote | 0.012 | 0.011 | 0.018 | 0.033 | 0.043 | 0.047 | 0.055 | 0.045

Local | 0.013 | 0.013 | 0.013 | 0.013 | 0.014 | 0.011 | 0.011 | 0.010
Remote | 0.014 | 0.014 | 0.014 | 0.014 | 0.013 | 0.015 | 0.015 | 0.016

Flush (ms)

Remap (s)

Tab. 6.20: LULESH: Local and Remote Heap Flush and Remap Times by Problem Size

Table 6.20 contains results from an additional study which was conducted to determine
whether flush and remap operation times grow with the problem size. When comparing problem
sizes for 8 with 64, flush operation times increased by 2.6x and 3.75x for local and remote heaps.
However, flush times remain in the tens of microseconds. Remap operations did not change
significantly with different problem sizes and there is no noticible difference between local and
remote heaps. Any changes in time for both of these operations can be almost considered neglible.

For the next part of the analysis, stream and strided read and write kernels were used to
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Fig. 6.14: Local and Remote Heap Performance Characteristics for Create, Backup, and Restore
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determine how read and write operations will perform on local and remote heaps. Recall from
subsection 6.2.3 on access patterns, stream read operations yielded 0.57% and 1.04%, and strided
write operations produced 99.62% and 98.15% average L1 data cache miss rates for Chapel and
C serial executions. When misses occur on all levels of cache, addtional penalties are incurred
since the block must be loaded from an environment lower in the memory hiearchy. In addition,
accessing persistent memory through PMDK may also involve mmap operations. Active heaps

residing in a remote location only further contributes to slower access times.

Local Heap Local Heap Remote Heap Remote Heap
Stream Strided Stream Strided
3.0 170 7.0 800
T
2.9 6.5
150 - 151=x 700
2.8 = 6.0
=z
£ 27 130 55 600
£ 26
£ 110 5.0 500
s 2.5
S 24 90 43 400
23 4.0
70 300

2.2 Easz 3.5

2.1 Read Write >0 Read Write 3.0 Read Write 200 Read Write

Fig. 6.15: Local vs. Remote Heap: Best vs. Worst Case Access Times

Figure 6.15 illustrates the read and write access times for stream and strided operations
performed on local and remote active heaps. Median access time values have been included in
the box and whisker charts. As demonstrated, remote heap read and write accesses are 1.5x to
6.8x and 1.4x to 2.2x higher respectively than local heap accesses. Therefore, accessing active

persistent heaps from a remote location will inevitably yield much higher access times, which
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will significantly degrade the performance of an application.

6.3.4 Conclusion

Checkpoint overhead is 1.2% to 5.4% and 6.7% to 11.6% of the execution time for 25%
and 10% frequencies respectively. Increasing checkpoint frequency from 25% to 10% yields
from 2.1x to 6.7x more overhead, while the quarterly checkpoint option risk is around 2.5x the
at risk time of the 10% checkpoint. Most of the backup and restore operation time is spent
performing file copy and transfer which increases linearly with the heap size, according to table
6.19. Regardless of whether restore is performed during the current execution or via recovery in
a consecutive execution, retrieve, load, and remap operations are still required. Therefore, the
restore times will be similar. Performing operations on remote active heaps generally yielded
better store times but worse retrieve and abysmally longer creation times than local active heap
designations when using SATA SSDs on compute nodes and the BeeGFS on Zaratan to simulate
NVM. Larger problem sizes increased flush operation times by 2.6x and 3.75x for local and
remote heaps and had virtually no effect on remap operation time. However, read and write

access times were 1.5x to 6.8x and 1.4x to 2.2x higher on remote heaps.

6.4 Finding Performance Bottlenecks

Performance is important for any HPC scientific computing application. When perfor-
mance problems occur they may be difficult to find or understand and will inevitably effect both
the development and turnaround time of an application, which is only magnified by a potentially

slower NVM environment that creates a new source of potential bottlenecks. In this section, I
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conduct a case study to derive and tune a 2D Poisson equation solver and 5-point stencil kernel
Chapel implementations that use NVM. I employed the Purity data-centric profiler to identify

and fix performance bottlenecks that occur.

6.4.1 Derivation and Implementation

Equation A.3 from section A.1 in Appendix A was used to develop the iterative solver.
Listing 6.13 is the implementation of a 2D Poisson’s equation solver using the Jacobi method,
which was developed in Chapel based on derivations [133] [134] [135] [136] and a Chapel tutorial
on data parallelism with Jacobi [120] [137]. All relevant user-defined variables are stored in
persistent memory indicated by the persist type qualifier in the declaration.

Listing 6.14 is a simplified and unoptimized 5-point stencil version of listing 6.1, which
was derived from listing 6.13. A data performance bottleneck was introduced into this kernel
intentionally so that the Purity Data-Centric Profiler can demonstrate how performance bottle-
necks are identified during execution. The kernel performs only the stencil calculation of the
iterative equation solver over a two-dimensional matrix which is defined in the listing by the
configuration constant n. Generally, a convergence test in a sequential outer loop would be used
to determine when the condition has been meet, e.g. the approximation is sufficiently close as
indicated by residual being within the epsilon convergence threshold in listing 6.13. However,
the kernel uses step to control the number of iterations in the outer loop, instead of a convergence
test which relies on the input data to determine iterations. The variable outer represents a two-
dimensional outer interval range based on the input from n and inner is an inner interval range,
both of which are used to define the domain D. Block distribution with bounding box is used for

mapping domain D over an arbitrary number of locales.
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Listing 6.13: 2D Poisson’s Equation Solver using the Jacobi Method in Chapel with NVM

use BlockDist;

config const n : int = 2500;

config const epsilon : real = 1.0e-5;

const dx : real =1.0 / (n + 1.0);

const dx_sqgq : real = dx » dx; // n x n

var outer : persist = {0..(n+l), O0..(n+l)};

var inner : persist = {l..n, 1l..n};

var D : persist = outer dmapped Block (boundingBox=inner) ;
var P : persist = D[inner];

var u, v, f : persist [D] real;

proc main () {
generate_data(); // store data in u[P]
initialize(); // compute f(x,y)
solve_eq(); // approximate solution

) |

proc initialize

(
forall (i, Jj) in P do {
fri,31 = (uli-1,31 + ufli+1,3] +
uli,j-11 + ufli,j+1]1 -
4.0 » uli,3]) / dx_sg;
}
}
proc solve_eqg() |
u=0.0; // set all cell values of u to zero
do {
v = (-dx_sq / 4.0) x f;

forall (i, j) in P do {
vii,jl += (uli-1,3J] + uli+l,J] +
uli, Jj-1] + ufli, j+1]) / 4.0;

const residual = max reduce abs(v[P] - ulP]);
ul[P] = vI[P];
} while (residual > epsilon); // convergence test
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Listing 6.14: Unoptimized 5-Point Stencil Kernel from 2D Poisson’s Eq. Solver using Jacobi

use BlockDist;

config const n int = 2500;
config const steps int = 100;
var outer : persist = {0..(n+l), O0..(n+1)};
var inner : persist = {l..n, 1l..n};
var D : persist = outer dmapped Block (boundingBox=inner) ;
var P : persist = outer[inner];
var u : persist [D] real;
var v : persist [D] real;
proc main () |
for s in 1..steps do {
forall (i,j) in P do {
vii,jl = (uli-1,3] + uli+l,3]] +
U[i,j—l] + u[i1j+l]) / 4.0;
}
ul[P] = vI[P];
}
}
(i'lr j) (il l) (i+1l j)

(i, j+1)

Fig. 6.16: Data Boundries, Distribution, and 5-Point Stencil for Iterative Solver and Kernel
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Figure 6.16 illustrates how a 2D matrix is distributed over four locales. The blue cells
represent the outer boundary defined by an outer range and the inner area in yellow is defined
by an inner range. The domain D determines how matrices u and v are distributed. The kernel
performs a 5-point stencil calculation with the adjacent cells of w; ; which is divided by 4 and
stored in v; ;. Cell values are accessed via 2-tuple indices provided by a forall loop that performs
data parallel iterations over the inner index range P, defined by a range slice of outer by inner.
Remote communications are generated when locales require cell values stored at other locales,

marked by the red boundries.

6.4.2 Evaluation

The experiment was conducted on persistent memory variants of the Jacobi stencil kernel
implemented in Chapel. Purity was employed to develop a detailed profile of executions per-
formed on 4 nodes with 8 threads per node, 1 thread per cpu, at a sample rate of 0.029%. The
problem size was defined as 2500 x 2500 matrix size (n=2500) with 100 steps where each step
performed stencil calculations over matrices.

The execution time for the unoptimized version is 4,419 seconds. Given the input size
and compute node resources the resulting time value should be regarded as extremely slow. For
comparison an MPI / OpenMP in C implementation of the Jacobi kernel with persistent memory
can complete an execution with an input size of n=10000, 1000 trials, 10 steps per trial in 116.5
seconds with the same resources. How can the profiler be used to find performance bottlenecks
and identify what to address in the Chapel variant? Purity provides results from a number of
different analyses for determining why a Chapel program is not running efficiently. Highlights

from heap-level, node-level, and loop-level analysis have been provided as well as a summary of
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operations for both unoptimized and optimized versions of the Jacobi stencil kernel.

Heap-Level Analysis

Persistent | Node Read Write
Variable | Src | Dst | Thread Count | Bytes Count Bytes

D 0 0 0 || 1,422,443 36 | 22,758,998 | 672
D 0 0 -2 11 1,019,820 20 | 16,316,912 | 400
D 0 0 -3 | 1,093,771 0 | 17,500,336 0
D 0 0 -4 || 1,071,513 0| 17,144,208 0
D 0 0 -5 || 1,064,834 0| 17,037,344 0
D 0 0 -6 || 1,088,002 0 | 17,408,032 0
D 0 0 -7 1| 1,088,539 0] 17,416,624 0
D 0 0 -8 | 1,032,078 0] 16,513,248 0

Tab. 6.21: Top Number of Heap Operations for User-Defined Variable D

Table 6.21 represents the top number of operations for the domain D. Heap-level analysis
provides aggregate totals for operations, bytes, estimated latencies, and throughput per user-
defined variable broken out by source and destination nodes and threads for each memory en-
vironment. Variables are ranked by the total number of operations for each heap. For the case
study, D was the top ranking variable with almost all accesses being local and occuring on the
main locale, represented by node 0. The access count for D is 16x and 61x larger than operations
on u and v and the local counts are 15,365x higher than all other accesses for ) combined.

Node-level analysis provides an access matrix between source and destination nodes for
each user-defined variable. A source node can be described by the locale that is making a request
and the destination node is the locale that services that request. These requests translate into
get and put operations between compute nodes on the PGAS. Diagonal counts represent local
access while the upper and lower triangle parts of the matrix are remote accesses. In perfect data

parellism, all matrices would have evenly distributed values along the diagnonal and relatively
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small remote values on the upper and lower regions.

Node-Level Analysis

Destination
D Node O | Node 1 | Node2 | Node 3
Node 0 | 8,881,056 0 0 0
Node 1 2 220 0 0
Node 2 2 0 164 0
Node 3 0 26 0 164
u Node O | Node 1 | Node?2 | Node 3
Node 0 108,780 | 162,218 | 136,938 | 148,087
Node 1 0 5 0 0
Node 2 0 0 0 0
Node 3 0 0 0 0
\4 Node O | Node 1 | Node?2 | Node 3
Node 0 27,372 | 43,325 | 36,398 | 39,378
Node 1 0 2 0 0
Node 2 0 0 0 0
Node 3 0 0 0 0

Tab. 6.22: Top Operations by User-Defined Variable over the PGAS

Table 6.22 contains the access matrices for D, u, and v. Variables are ranked by total
number of operations. Almost all of the operations for D are local accesses on node 0. Also node
0 1s making all of the requests for accesses to v and v. Given these facts, it appears that the stencil
calculations are being performed by node 0. But how can this be the case when D, u, and v are
distributed and the calculations are using a forall loop? Lets investigate further and find out.

Loop-level analysis produces a view on data accesses by loops and locations in both the
user source and Chapel modules, broken down by variables and a category for unmapped activity,
otherwise known as ancillary operations. Table 6.23 shows a large number of local reads for D
and ancillary in contrast to the activity of « and v over the step for loop in the user main. Nearly
half of the operations for D are coming from line 583 in DefaultRectangular.chpl which refers to a
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Loop-Level Analysis

User-Defined Local Local | Remote | Remote
Location Variable Reads Writes | Reads | Writes
DefaultRectangular.chpl:583 D 4,435,862 0 1 0
ChapelArray.chpl:1362 D 4,445,064 0 0 0
BlockDist.chpl: 1049 Unmapped 2,174,161 0 0 0
BlockDist.chpl: 1060 Unmapped || 2,156,469 0 0 0
BlockDist.chpl: 1061 Unmapped || 2,139,880 0 0 0
BlockDist.chpl: 1062 Unmapped || 2,123,599 0 0 0
poisson..._unopt.chpl:14-20 u 447,243 0 | 108,780 0
poisson..._unopt.chpl:14-20 v 1] 119,101 0| 27,372

Tab. 6.23: Top Locations in the User-Source and Modules with the Highest Number of Operations

procedure called dsiDim() that is responsible for resolving range information from a domain and
the other half from line 1,362 in ChapelArray.chpl which calls dsiDim(). Lines 1,049,1,060-1,062
in BlockDist.chpl exist within a procedure called nonLocalAccess() and produce a large number
of local ancillary operations when attempting to access an internal structure RAD(rlocldzx). The
nonLocalAccess() procedure is called by dsiAccess() for a block array, which is responsible for
resolving both local and remote indexed values. However, the concern is the number of local
ancillary operations generated by the calls to nonLocalAccess(). This would indicate that D is
not the primary culprit, but that both D and ancillary are symptoms of an underlying problem.
The true source of the problem is what is driving the forall loop. The inner index range P
was defined as a range slice of outer by inner. However, these closed-interval ranges only exist
on node 0 and thus P as well. A forall loop over P does in fact perform data parallelism, but only
over the threads on node 0. As a consequence, node 0 must perform all of the stencil calculations.
However, the 2-tuple indices from P do not map to D across compute nodes. Therefore, a large

number of operations are generated when resolving indexed matrix values.
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Listing 6.15: Optimization: Change outer to D on line 9

var P : persist = D[inner];

Now that the performance bottleneck has been identified and fully understood, the change
that is required to reach an optimized solution is quite small. Listing 6.15 provides the solution
by switching the interval range outer for the distributed domain D. Since the new P is now a
domain slice of D, P inherits the block distributed mapping of D. This time when P used in the
forall loop, the data parallelism will scale over all compute node resources and allow a workload
distribution on mapped data that maximizes task and data affinity. As a result, the number of
remote operations is reduced to the data boundries between compute nodes and most of the D

and ancillary operations never occur.

Summary Reports for Both Executions

Operation Unoptimized Optimized

Local Reads 60,321,664,800 | 2,200,393,998 3.65%
Local Writes 255,691,911 | 1,162,631,689 | 454.70%
Remote Reads | 1,874,979,497 1,000,822 0.05%
Remote Writes 468,599,193 15 | ~0.00%
Total 62,920,935,401 | 3,364,026,524 5.35%
Remote ‘ 3.72% ‘ 0.03% ‘
Execution(s) | 4,419.34 | 56.627 | 78

Tab. 6.24: Summary Report: Unoptimized vs. Optimized Jacobi Stencil

Purity’s dynamic analyzer produces a summary report at the end of a profiled execution de-
tailing the total number of accesses that were detected. The optimized Jacobi stencil kernel was
also profiled for comparison with the unoptimized version. According to table 6.24, the Jacobi
optimization yielded a speedup of 78x, finishing in only 56.6 seconds in contrast to the unopti-
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mized version which completed in 4,419 seconds. Mitigating the performance bottleneck reduced
the total number of operations by 18.7x. Also the percentage of remote operations dropped from
3.72% to 0.03% even though the overall total was reduced. However the number of local write

for the optimized kernel is 454.7% of the unoptimized.

6.4.3 Conclusion

In conclusion, I derived the fomula for implementing a 2D Poisson’s equation solver using
the Jacobi method in Chapel with NVM and produced both unoptimized and optimized 5-point
stencil Jacobi kernel variants. The execution of the unoptimized kernel was profiled using the
Purity Data-Centric Profiler to identify performance bottlenecks. An investigation involved heap,
node, and loop-level analysis to discover and mitigate the underlying problem, resulting in a

speedup of 78x.
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Chapter 7:  Conclusion

7.1 Summary

I extended the Chapel language with intrinsic and programmatic features that incorporate
NVM in a hybrid-PGAS model. A transaction system was developed for the Loci library which
was integrated into the Chapel runtime framework, that when combined with Chapel concur-
rency control language features and GASNet, enforces ACID properties across all locales. 1
implemented a distributed checkpoint and recovery system for Chapel applications that use per-
sistent memory. An NVM extension was added to the Purity data-centric profiler to support
profiled executions with DRAM-NVM hybrid-PGAS environments. In addition, Purity reporting
was expanded to include heap and remote operation analysis, object lifespan, and an impact on
execution estimator for different memory profiles. I also illustrated why developing in Chapel is
faster and easier than C by comparing the implementation of a Jacobi stencil in Chapel vs. MPI/

OpenMP in C (nearly 6x more lines).

7.1.1 When does DRAM perform like NVM?

I performed an experiment to evaluate memory-based performance metrics of kernel and
microbenchmark variants that utilize NVM and compared NVM performance with DRAM. The

cache monitor profiling system I developed was applied to understand how levels of cache hide



the latencies of slower memory environments lower in the hierarchy. Chapel and MPI / OpenMP
C kernel variants for DRAM and NVM were executed over different compute node resources to
model the L1 and L2 data caches and compare the performance for kernels that represent distinct
access patterns. My findings indicate that the L1 data cache miss rates for stream read and reduce
kernels are low regardless of which memory environment variables are stored and kernels with
irregular access patterns, (random read, random write, scatter, and gather) yield very high miss
rates. As expected all strided write kernel executions exhibited near 100% miss rates on 1. The
cache of LULESH, FFT, HPL, ptrans, Mandabrot-fast, and SpectralNorm executions were also
profiled to establish estimations of latency hiding of slower memory in microbenchmarks. My
results conclude that all microbenchmarks, except SpectralNorm and ptrans (for 4N8T), yielded
L1 data cache miss rates of around or below 1%. This means that L1 data cache handles nearly
99% of all accesses to slower memory during the execution for most of these microbenchmarks.
When examining the percentage of accesses that were missed by both L1 and L2, without ex-
ception all microbenchmarks L1-L2 data cache miss rates were around or below 1%. Therefore,
around 99% of all accesses to slower memory are handled by either L1 and L2 data cache for all
of the microbenchmarks in the study.

Next I conducted a study to explore and evaluate different NVM technologies and how
they perform when compared with DRAM. Using the LULESH microbenchmark I employed
the Purity data-centric profiler with NVM support, cache monitor profiling, and the DESTINY
simulator for memory profiles of SRAM, DRAM, and different NVM technologies. I explored
different architectural configuration options using these memory types to estimate total latency,
total energy, simplified AMAT, and the impact on execution time, energy, and power with dif-
ferent cache characteristics for DRAM exclusive, DRAM-NVM hybrid variable store (hybrid),
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NVM variable store (mapped), and NVM exclusive cases to determine when and how well NVM
performs like DRAM and when it does not.

When observing impact on execution time, PCRAM hybrid performed similarly to DRAM
exclusive with a 3% difference in performance (1.03x) when cache profiles were employed. Sim-
ilarly, the normalized total latencies for PCRAM and DRAM yielded a 3.1% difference (1.031x)
and the estimated simplified AMAT showed differences in read (1.007x) and write (1.061x) times
for DRAM and PCRAM to be very small. DRAM exclusive was only 1.16x faster than PCRAM
exclusive and 1.05x faster than PCRAM mapped. PCRAM exclusive was 11% more energy effi-
cient than DRAM exclusive and 23.5% more power efficient. The results from the L1 data cache
miss rate sweep indicate that PCRAM hybrid was 1.12x DRAM exclusive at 1% L1 miss rate,
1.56x at 10%, and 1.87x at 100%, demonstrating a robustness with high L1 miss rates. The out-
come shows that when L1 data cache miss rate is low, the performance for PCRAM is similar
to DRAM. However, since the PCRAM exclusive case diverged, ancillary objects and operations
should be managed by DRAM main memory. As expected the SLCNAND flash and Zaratan SSD
models diverged greatly from DRAM exclusive due to their high profile latencies. 70.5% of the
energy consumption can be attributed to DRAM for the SLCNAND hybrid model.

Therefore, the finding from this study confirm the hypothesis. We learned that due to the
latency hiding benefits gained from low L1 and L2 data cache miss rates, certain NVM technolo-
gies can perform similarly to DRAM so long as their latencies operate within 15x of DRAM, as is
the case for PCRAM. Although differences do exist between DRAM and NVM, there is a trade-
off between impact on execution time and increased capacity, persistency, and energy efficiency

when storing some or all user-defined variables in NVM.
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7.1.2  Checkpoint and Recovery

An experiment was conducted using the outer sequential loop of LULESH to examine the
efficacy of the checkpoint and recovery system. The study compared 25% checkpoint frequency
with 10% frequency, using no checkpoint executions as the baseline for various compute node
resource allocations. Performance impact analysis showed checkpoint overhead was between
1.2% t0 5.4% and 6.7% to 11.6% of the execution time for 25% and 10% frequencies respectively.
I established that the tradeoff between checkpoint overhead and risk time is proportional with
2.1x to 6.7x more overhead when transitioning from 25% to 10% and 2.5x less risk to loss of
computation due to a failure.

Next I studied the performance differences between compute node NVM support and re-
mote shared NVM (like fabric attached memory) by simulating these persistent memory environ-
ments on compute node SATA SSDs and Zaratan’s BeeGFS respectively, for local and remote
designations of active heaps during execution. The findings indicate that backup and restore op-
erations performed on remote active heaps generally yielded better store times but worse retrieve
and extremely longer creation times when compared with local active heap designations. Read
and write access times were 1.5x to 6.8x and 1.4x to 2.2x higher on remote heaps. Most of the
backup and restore operation time was spent performing file copy and transfer, which linearly
increased with heap size. However, the restore time will be similar to the recovery time since
retrieve, load, and remap operations are required for both. Larger problem sizes increased flush
operation times by 2.6x and 3.75x for local and remote heaps and had virtually no effect on remap

operation time.
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7.1.3 Finding Performance Bottlenecks

I derived the fomula for a 2D Poisson’s solver for a linear system of equations using the
Jacobi method and implemented it in Chapel for an unoptimized and optimized 5-point stencil
Jacobi kernel that uses NVM. I used the Purity data-centric profiler with NVM support to identify
performance bottlenecks in the profiled execution of the unoptimized kernel. My investigation
involved heap, node, and loop-level analysis to discover and mitigate the underlying problem,

resulting in a speedup of 78x.
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Chapter 8: Future Work

8.1 Optimizing the Persistent Transaction System in Chapel

I would like to explore an optimization strategy for the NVM based transaction system that
I developed for Chapel, to improve the overall performance of NVM based Chapel applications.
Currently, my approach performs a commit and flush at the end of each persistent write operation.
However, to hide the latencies of slower memory the data needs to be maintained in a cache for as
long as possible. To maximize the use of caches, transactions should be established over loops.
According to the PMDK documentation [111], a currently opened transaction is only accessible
by the thread that began it. However, transactions can be nested inside of other transactions so
long as they pertain to the same thread. This means the loops that are transacted must be se-
quential, but can contain inner transactions for handling inner loops and changes in data. The
libpmemobj library provides begin, commit, end, and post process functions to manage transac-
tions [111]. Performing large transactions over a parallel forall loop in Chapel is possible since
the Chapel compiler translates forall loops into corresponding functions that contains a sequen-
tial for loop, to be executed by a thread. Therefore, through careful instrumentation, transaction
functions (via Loci) can be used to establish an outer transaction over a sequential loop, thereby
allowing commit and aggregate flush operations to be performed at the end of that loop, but still

within the same thread.



8.2 Expand Latency and Energy Estimation Modeling

The hardware estimator can be an excellent tool for measuring how a profiled execution
might behave on different hardware. However, the current version only considers a subset of
the computer architecture, namely L1 and L2 data cache, DRAM, and NVM metrics. As a
consequence latency calculations are produced by a simplified AMAT computation that uses the
SRAM latencies for cache-level hit times rather than hit cycles x clock cycle time, etc. A more
accurate calculation would require additional processor and system characteristics such as CPU
clock rate, 1.3 shared cache, block size, cache organization, write polices, interface bandwidth
between different levels of cache, channel support, memory bus bandwidth, GPU accelerators,
and emerging technologies.

I would like to extend the estimator to support more comprehensive and detailed hardware
configurations that represent existing or emerging computer architectures and provide an analysis
centered around data motion and impact on execution time and energy. A broad data motion
analysis would incorporate both intra-node and inter-node accesses and operations across various
interfaces and memory environments to identify both software and hardware design flaws and
bottlenecks. The hardware estimator can use profiled execution data generated from the Purity
data-centric profiler to explore the design space of future systems and with this extension will

become more accurate.
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8.3 Adding Cache Profile Support to Purity

Using PAPI, I developed a cache monitor library that works with both Chapel and C appli-
cations. I would like to extend the Purity data-centric profiler to incorporate the cache monitoring
system. Since cache monitor has already been integrated into the Chapel runtime framework, the
transition should be easy. However, care will need to be taken in how this may impact the way
cache monitor interfaces with runtime subroutines. Cache profiling currently supports the FIFO
task management option in Chapel but I would like to extended it to also support QThreads. To
access it I will either add to the CHPL_PROFILE environment variable a ’dccache’ option for
exclusive profiling or add a new CHPL_PROFILE_RECORD_CACHE environment variable to

provide the option to profile cache along side memory and communication.

8.4 Extending Hybrid-PGAS in Chapel to Heterogeneous Environments

I am interested in understanding how a parallel HPC framework like Chapel can be ex-
tended to support heterogeneous architectures. To start with, we could consider a cluster where
only a subset of the compute nodes provide an emerging technology, such as NVM or accelera-
tors. Heterogeneous computing will introduce new challenges for task and data locality. Work
distribution models that are flexible enough to handle a variety of asymmetic architectural config-
urations will need to be explored. New domain mapping strategies will need to be developed that
can store distributed persistent allocations of user-defined variables on the hybrid-PGAS. Since
Chapel already supports GPUs, I may also consider heterogeneous architectures where some of

the compute nodes support accelerators.
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APPENDIX



A.1 Derivation of 2D Poisson Equation Solver

To better understand how a 2D Poisson equation solver is developed, lets first look at the
2D Poisson PDE A.1 with Dirichlet boundary conditions [133] [135]. Let x and y be coordinates

on a finite two-dimensional domain where 0 < x < N and 0 <y < M [133] [135].

%u  0%u

5z g = @) (A1)

The 2D Poisson formula, A.1, can be discretized by applying a finite difference approxi-
mation to derive a 5-point stencil equation, A.2, below where u will be used to approximate the
exact solution [133] [135]. Let dz = 25 and dy = -2 on a uniform grid [133] . For simplicity

lets consider the grid to be an Nx M matrix where N = M and therefore dx = dy.

Wil = 2yt Wicng | Uigen = 2+ Ui

o " : (A.2)

where dx = dy

By rewriting equation A.2, the Jacobi Iteration Method can be applied to produce equation
A.3, where k represents the current iteration and k + 1 is the next iteration [133] [136]. For
simplicity, the derivation uses a relaxation factor of 1.0 and therefore that term does not appear
in the equation [133].
k k k k
bt Wiptg T UL U T U da?

ubtt = 1 - Tfi,j (A.3)

Equation A.3 was used to develop the iterative solver in subsection 6.4.1.
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B.1 Average Memory Access Time

The simplified AMAT calculation described in subsection 6.2.5 that was used to estimate the
latency and energy of profiled executions is defined as follows. L1 and L2 are data caches,
MFEM is the underlining memory being accessed which can be either DRAM or NVM, M R

represents the miss rate, and M P is the miss penalty.

AMAT = LlHIT + LlMR * LlMp
LlMp = L2HIT + L2MR * LZMP

L2yp = MEMyrr

AMAT = LlHIT -+ LlMR * (LZHIT —+ L2MR * MEMH]T)

AMAT = LlH[T + (LlMR * L2HIT) + (LlMR * LQMR * MEMH[T)

Since there is no profile data on L3, it was not included in the AMAT calculation. Cache block
sizes, organization, write policies, and interfaces between different levels of cache and memory
bus are not considered in this calculation. Since the processor’s clock cycle time is unknown, the

latencies are applied directly.

L]-HIT = L]-latency

L2HIT = L2latency

MEMHIT = MEMlatency

To calculate the true AMAT and perform data motion analysis, support for processor and system

profile characteristics will need to be added. See section 8.2 in future work for details.
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C.1 Memory Model Configurations

For reproducability, I have included the memory models that were used by DESTINY to
generate a series of memory hardware profiles used in subsection 6.2.5. The models are an adap-
tation from the configurations provided by NVSim and DESTINY distributions and their derived

profile characteristics have been verified in [116] [117] [127] [20].

Listing 1: SRAM Cell

-MemCellType: SRAM

—CellArea (F"2): 146
—-SRAMCellNMOSWidth (F): 2.08
—-SRAMCellPMOSWidth (F): 1.23
—AccessCMOSWidth (F): 1.31
—AccessType: CMOS
-MinSenseVoltage (mV): 80
—CellAspectRatio: 1.46
—-ReadVoltage (V): 1.1
-Stitching: 16

Listing 2: SRAM (L1) Configuration

-DesignTarget: cache

—CacheAccessMode: Normal
—-Associativity (for cache only): 8
—-ProcessNode: 22

—-Capacity (KB): 128

—-WordwWidth (bit): 512
-DeviceRoadmap: LOP

—-LocalWireType: LocalAggressive
—LocalWireRepeaterType: RepeatedNone
—LocalWireUseLowSwing: No
—-GlobalWireType: LocalConservative

—-GlobalWireRepeaterType: RepeatedNone
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—-GlobalWireUselLowSwing: No
—Routing: H-tree

—InternalSensing: true
-MemoryCellInputFile: showcase_SRAM.cell
—Temperature (K): 350
-OptimizationTarget: WriteEDP
-EnablePruning: Yes
-BufferDesignOptimization: latency
—StackedDieCount: 2
-PartitionGranularity: O
-LocalTSVProjection: O
—-GlobalTSVProjection: O
—-TSVRedundancy: 1.0

Listing 3: SRAM (L.2) Configuration

-DesignTarget: cache

—CacheAccessMode: Normal
—Associativity (for cache only): 8
—ProcessNode: 22

—-Capacity (KB): 512

~WordWidth (bit): 512

—-DeviceRoadmap: LOP

—LocalWireType: LocalAggressive
—-LocalWireRepeaterType: RepeatedNone
—-LocalWireUseLowSwing: No
-GlobalWireType: LocalConservative
—GlobalWireRepeaterType: RepeatedNone
-GlobalWireUseLowSwing: No

—-Routing: H-tree

—-InternalSensing: true
-MemoryCellInputFile: showcase_SRAM.cell
—-Temperature (K): 350
-OptimizationTarget: WriteEDP
—-EnablePruning: Yes
-BufferDesignOptimization: latency
—StackedDieCount: 2

-PartitionGranularity: O

—-LocalTSVProjection: O
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—-GlobalTSVProjection: O
—-TSVRedundancy: 1.0

Listing 4: 3D DRAM Cell

—MemCellType: DRAM

-CellArea (F"2): 38.1
—-CellAspectRatio: 2.39
—-ReadMode: voltage

—AccessType: CMOS
—-AccessCMOSWidth (F): 1.31
-DRAMCellCapacitance (F): 15e-15
—-ResetVoltage (V) : vdd
—-SetVoltage (V) : vdd
-MinSenseVoltage (mV): 10

Listing 5: 3D DRAM Configuration

—-DesignTarget: RAM

—ProcessNode: 22

-Capacity (MB): 8

~WordWidth (bit): 256

-DeviceRoadmap: HP

—-LocalWireType: LocalConservative
—-LocalWireRepeaterType: RepeatedNone
—LocalWireUseLlowSwing: No
-GlobalWireType: LocalConservative
—-GlobalWireRepeaterType: RepeatedNone
—-GlobalWireUseLowSwing: No

—Routing: Non-H-tree
—-InternalSensing: true
-MemoryCellInputFile: showcase_3D_DRAM.cell
—Temperature (K): 380

-RetentionTime (us): 40
—OptimizationTarget: WriteEDP
—-EnablePruning: Yes
-BufferDesignOptimization: latency
—StackedDieCount: 2
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Listing 6: PCRAM Cell

-MemCellType: PCRAM

—ProcessNode: 22

—-CellArea (F"2): 4
—-CellAspectRatio: 0.5
—ResistanceOn (ohm): 1000
—-ResistanceOff (ohm): 1000000
—ReadMode: voltage
—ReadCurrent (uld): 40
—-ReadEnergy (pJ): 20
—ResetMode: current
—ResetCurrent (uA): 300
—ResetPulse (ns): 40
—SetMode: current

—-SetCurrent (uA): 150
—-SetPulse (ns): 150
—AccessType: CMOS
—-VoltageDropAccessDevice (V): 0.3
—-AccessCMOSWidth (F): 2

Listing 7: PCRAM Configuration

-DesignTarget: RAM

-ProcessNode: 22

—-Capacity (MB): 64

—WordWidth (bit): 256

-DeviceRoadmap: HP

—-LocalWireType: LocalConservative
—LocalWireRepeaterType: RepeatedNone
—LocalWireUseLowSwing: No
—-GlobalWireType: LocalConservative
—-GlobalWireRepeaterType: RepeatedNone
-GlobalWireUseLowSwing: No

—-Routing: Non-H-tree
—-InternalSensing: true
—MemoryCellInputFile: showcase_PCRAM.cell
—Temperature (K): 350

-EnablePruning: Yes
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—OptimizationTarget: WriteEDP
—BufferDesignOptimization: latency
—StackedDieCount: 1

Listing 8: SLCNAND Cell

—MemCellType: SLCNAND
—CellArea (F72): 4
—-CellAspectRatio: 1

—-GateCouplingRatio: 0.7
—-FlashEraseTime (ms): 1.25
-FlashProgramTime (us): 200
-FlashEraseVoltage (V): 16
-FlashProgramVoltage (V): 6
-FlashPassVoltage (V): 3.8
—ReadMode: voltage
-ReadVoltage (V): 0.5

Listing 9: SLCNAND Configuration

-DesignTarget: RAM

—-OptimizationTarget: Area
—ProcessNode: 22

—-Capacity (MB): 256

—Wordwidth (bit): 64

—-FlashPageSize (Byte): 2048
-FlashBlockSize (KB): 128
-DeviceRoadmap: LOP

-LocalWireType: LocalConservative
—LocalWireRepeaterType: RepeatedNone
—LocalWireUseLowSwing: No
-GlobalWireType: LocalConservative
—-GlobalWireRepeaterType: RepeatedNone
—-GlobalWireUselLowSwing: No

—Routing: H-tree

—InternalSensing: true
-MemoryCellInputFile: showcase_SLCNAND.cell
—Temperature (K): 380

—-BufferDesignOptimization: area
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-ForceBank (Total AxB, Active CxD): 1x1, 1x1
—-ForceMat (Total AxB, Active CxD): 1x1, 1x1

C.2 Memory Hardware Profiles

Also included are the profiles generated from memory models provided to DESTINY. The
only the exception is the Zaratan SATA SSD profile which was derived from r_await and w_await
values [128], an article on SSDs [129], and the Zaratan documentation [122]. For the estimations,
the PCRAM write latency and energy in table 6.3 were defined by the SET characteristics. Post
estimates with RESET+SET yielded a difference of only 1% when compared with table 6.11.
Also, SLCNAND write in table 6.12 uses programming latency and energy and does not con-

sider the erase.

Listing 10: 3D DRAM Profile \

User—-defined configuration file (./showcase_3D_DRAM.cfg) is loaded

Design Target: Random Access Memory
Capacity : 8MB
Data Width : 256Bits (32Bytes)

Searching for the best solution that is optimized for write
energy-delay-product

Using cell file: showcase_3D_eDRAM.cell

numSolutions = 187798 / numDesigns = 13977846

Optimized for: Write Energy-Delay-Product
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Memory Cell: DRAM
Cell Area (F"2)
Cell Aspect Ratio

3
2

Bank Organization: 32
- Row Activation
— Column Activation:
Mat Organization: 1 x
— Row Activation
— Column Activation:
— Subarray Size
Mux Level:
— Senseamp Mux :
— Output Level-1 Mux:
- Output Level-2 Mux:
Local Wire:

- Wire Type Local C

— Repeater Type: No R

- Low Swing No
Global Wire:

- Wire Type Local C

— Repeater Type: No R
- Low Swing No

Buffer Design Style: L

Area:
- Total Area
| ——— Mat Area
(137.079%)
| -——— Subarray Area
(143.125%)
| -——— TSV Area
- Area Efficiency
Timing:
Read Latency
| -——— TSV Latency
| -——— Non-H-Tree Laten
| -——— Mat Latency
| ——— Predecoder La
| -——— Subarray Late
| ——— Row Decode
| -—— Bitline La

552.79

5

12.

8.100
.390

(9.542Fx3.993F)

16 x 2
/ 32 x 1
/ 16 x 1

/1
/1
4 Rows x 1024 Columns

1
1
4

onservative
epeaters

onservative
epeaters

atency-Optimized

dum x 1.633mm
17.275um x 102.069%um

17.275um x 97.758um

1600.000um"2

6.861%

570ns
0.030ps

cy = 12.095ns
475.230ps

tency = 44.543ps

ncy = 430.687ps

r Latency = 264.211ps

tency = 154.364ps
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| ——— Senseamp Latency = 1.779%ps

| -——— Mux Latency = 2.489ps
| ——— Precharge Latency = 49.689%ps
- Write Latency = 12.570ns
| -—— TSV Latency = 0.015ps
| -——— Non-H-Tree Latency = 12.095ns
| -——— Mat Latency = 475.230ps
| -——— Predecoder Latency = 44.543ps
| ——— Subarray Latency = 430.687ps
| -——— Row Decoder Latency = 264.211lps
| -——— Charge Latency = 15.106ps
— Refresh Latency = 451.282ns
| -——— TSV Latency = 0.015ps
| ——— Non-H-Tree Latency = 423.833ns
| -——— Mat Latency = 27.449ns
| -——— Predecoder Latency = 44.543ps
| -——— Subarray Latency = 27.405ns
— Read Bandwidth = 148.035GB/s
- Write Bandwidth = 74.300GB/s

Power:
- Read Dynamic Energy = 98.242pJd

| -——— TSV Dynamic Energy = 59.337pJd
| ——— Non-H-Tree Dynamic Energy = 35.778pd
| -——— Mat Dynamic Energy = 3.127pJ per mat

| -——— Predecoder Dynamic Energy 0.042pJ
| -——— Subarray Dynamic Energy 3.085pJ per active subarray
| -——— Row Decoder Dynamic Energy = 0.056pJd

| ——— Mux Decoder Dynamic Energy = 0.176pJ
| -——— Senseamp Dynamic Energy = 0.750pJd
| ——— Mux Dynamic Energy = 0.055pJ
| -——— Precharge Dynamic Energy = 0.401pJd
— Write Dynamic Energy = 99.609pJ
| -——— TSV Dynamic Energy = 59.337pJd
| ——— Non-H-Tree Dynamic Energy = 35.778pdJd
| -——— Mat Dynamic Energy = 4.494pJ per mat
| -——— Predecoder Dynamic Energy = 0.042pJ
| -——— Subarray Dynamic Energy = 4.452pJ per active subarray

| -——— Row Decoder Dynamic Energy = 0.056pJd
| -——— Mux Decoder Dynamic Energy = 0.176pJd

| -——— Mux Dynamic Energy = 0.055pJ
— Refresh Dynamic Energy = 94.932nJ
| -——— TSV Dynamic Energy = 4.033pJd
| ——— Non-H-Tree Dynamic Energy = 94.742ndJ
| -——— Mat Dynamic Energy = 185.336pJd per mat
| -——— Predecoder Dynamic Energy = 2.653pJ
| -——— Subarray Dynamic Energy = 182.683pJ per active subarray

| -——— Row Decoder Dynamic Energy = 0.000pJd
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| -——— Senseamp Dynamic Energy = 0.750pJd
| -——— Precharge Dynamic Energy 0.401pJd
— Leakage Power = 5.415W
| -——— TSV Leakage
| ——— Non—-H-Tree Leakage Power
| -——— Mat Leakage Power
- Refresh Power = 0.000pW

0.000pwW
0.000pW
5.289mW per mat

Finished!

Listing 11: PCRAM Profile

User—-defined configuration file (./showcase_PCRAM.cfg) is loaded

Design Target: Random Access Memory
Capacity : 64MB
Data Width : 256Bits (32Bytes)

Searching for the best solution that is optimized for write
energy-delay—-product

Using cell file: showcase_PCRAM.cell

numSolutions = 623674 / numDesigns = 13977846

Optimized for: Write Energy-Delay-Product
Memory Cell: PCRAM (Phase—-Change)
Cell Area (F"2) : 4.000 (1.414Fx2.828F)
Cell Aspect Ratio : 0.500
Cell Turned-On Resistance : 1.000Kohm
Cell Turned-Off Resistance: 1.000Mohm
Read Mode: Voltage-Sensing

— Read Current: 40.000uA
Reset Mode: Current

— Reset Current: 300.000uA

— Reset Pulse: 40.000ns
Set Mode: Current

— Set Current: 150.000uA

— Set Pulse: 150.000ns
Access Type: CMOS
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Bank Organization: 64 x 4
- Row Activation 4 / 64
- Column Activation: 1 / 4
Mat Organization: 2 x 2
- Row Activation 2/ 2
- Column Activation: 2 / 2
— Subarray Size 128 Rows x 4096 Columns

Mux Level:
- Senseamp Mux : 128
— Output Level-1 Mux: 1
— Output Level-2 Mux: 2
Local Wire:
— Wire Type : Local Conservative
— Repeater Type: No Repeaters
- Low Swing : No
Global Wire:
— Wire Type : Local Conservative
— Repeater Type: No Repeaters
- Low Swing : No
Buffer Design Style: Latency-Optimized

RESULT
Area:
— Total Area = 863.212um x 2.48%9mm = 2.148mm"2
| -——— Mat Area = 13.488um x 622.172um = 8391.66%um"2
(48.382%)
| ——— Subarray Area = 6.744um x 307.580um = 2074.273um”2 (48.934%)
— Area Efficiency = 48.382%
Timing:

— Read Latency = 33.808ns
| -——— Non-H-Tree Latency = 26.916ns

| -——— Mat Latency = 6.891ns

| -——— Predecoder Latency = 84.766ps

| -——— Subarray Latency = 6.807ns
| -——— Row Decoder Latency = 2.376ns
| -——— Bitline Latency = 370.012ps
| -——— Senseamp Latency = 2.656ps
| -——— Mux Latency = 37.430ps
| -——— Precharge Latency = 40.016ps

— RESET Latency = 73.400ns
| ——— Non-H-Tree Latency = 26.91l6ns
| -——— Mat Latency = 46.484ns
| -——— Predecoder Latency = 84.766ps

167




| -——— Subarray Latency = 46.399ns
| ——— RESET Pulse Duration = 40.000ns

| ——— Row Decoder Latency = 2.376ns
| ——— Charge Latency = 2.271ps
- SET Latency = 183.400ns
| -——— Non-H-Tree Latency = 26.916ns
| -——— Mat Latency = 156.484ns
| -——— Predecoder Latency = 84.766ps
| -——— Subarray Latency = 156.399ns
| -=—— SET Pulse Duration = 150.000ns
| -——— Row Decoder Latency = 2.376ns
| ——— Charger Latency = 2.271ps
- Read Bandwidth = 7.157GB/s
- Write Bandwidth = 204.605MB/s
Power:

— Read Dynamic Energy = 235.484pd
| ——— Non-H-Tree Dynamic Energy = 65.306pJd

| -——— Mat Dynamic Energy = 42.544pJ per mat
| -——— Predecoder Dynamic Energy = 0.179pJ
| -——— Subarray Dynamic Energy = 10.591pJd per active subarray
| -——— Row Decoder Dynamic Energy = 0.211pJd
| -——— Mux Decoder Dynamic Energy = 1.673pdJd
| ——— Bitline & Cell Read Energy = 0.003pJd
| -——— Senseamp Dynamic Energy = 0.013pJd
| ——— Mux Dynamic Energy = 1.168pJ
| -——— Precharge Dynamic Energy = 1.544pJd
— RESET Dynamic Energy = 26.081nJ
| -——— H-Tree Dynamic Energy = 65.306pJd
| -——— Mat Dynamic Energy = 6.504nJ per mat
| -——— Predecoder Dynamic Energy = 0.179pJ
| -——— Subarray Dynamic Energy = 1.623nJd per active subarray

| -——— Row Decoder Dynamic Energy = 0.211pJd

| -——— Mux Decoder Dynamic Energy = 1.673pd

| ——— Mux Dynamic Energy = 1.168pJ

| -——— Cell RESET Dynamic Energy = 864.248pJd
— SET Dynamic Energy = 26.035nJ
| ——— Non-H-Tree Dynamic Energy = 65.306pJd

| -——— Mat Dynamic Energy = 6.493nJ per mat
| -——— Predecoder Dynamic Energy = 0.179pJ
| -——— Subarray Dynamic Energy = 1.623nJ per active subarray
| -——— Row Decoder Dynamic Energy = 0.211pJd
| -——— Mux Decoder Dynamic Energy = 1.673pJd
| ——— Mux Dynamic Energy = 1.168pJd
| -——— Cell SET Dynamic Energy = 1.620nd

— Leakage Power = 2.787W
| -——— Non-H-Tree Leakage Power = 0.000pW
| ——— Mat Leakage Power 10.887mW per mat
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Finished! i

Listing 12: SLCNAND Profile

User—defined configuration file (./showcase_SLCNAND.cfg) is loaded

DESIGN SPECIFICATION

Design Target: Random Access Memory

Capacity : 256MB
Data Width : 64Bits (8Bytes)
Page Size : 2048Bytes

Block Size : 128KB

Searching for the best solution that is optimized for area
Using cell file: showcase_SLCNAND.cell
numSolutions = 6 / numDesigns = 3645

Optimized for: Area
Memory Cell: Single-Level Cell NAND Flash

Cell Area (F"2) : 4.000 (2.000Fx2.000F)
Cell Aspect Ratio : 1.000

Pass Voltage : 3.800V

Programming Voltage: 6.000V

Erase Voltage : 16.000V

Programming Time : 200.000us

Erase Time : 1.250ms

Gate Coupling Ratio: 0.700

Bank Organization: 1 x 1
- Row Activation 1
— Column Activation: 1

Mat Organization: 1 x 1
- Row Activation : 1 /1
- Column Activation: 1 / 1

— Subarray Size 32768 Rows x 65536 Columns

Mux Level:
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— Senseamp Mux :

— Output Level-1 Mux: 1

— Output Level-2 Mux: 1
Local Wire:

— Wire Type : Local Conservative
— Repeater Type: No Repeaters

- Low Swing : No
Global Wire:

— Wire Type : Local Conservative
— Repeater Type: No Repeaters

- Low Swing : No
Buffer Design Style: Area-Optimized

RESULT
Area:
— Total Area = 1.500mm x 2.918mm = 4.378mm"2
| -——— Mat Area = 1.500mm x 2.918mm = 4.378mm"2 (94.964%)

| -——— Subarray Area = 1.500mm x 2.886mm = 4.32%mm"2 (96.029%)
— Area Efficiency = 94.964%
Timing:

— Read Latency = 16.256us
| ——— H-Tree Latency = 0.000ps
| -——— Mat Latency = 16.256us

| -——— Predecoder Latency 441 .315ps

| -——— Subarray Latency 16.255us

| -——— Row Decoder Latency = 202.809ns

| -——— Bitline Latency = 15.845us
| -——— Senseamp Latency = 2.266ps

| ——— Mux Latency = 14.155ps
| ——— Precharge Latency = 33.881ns

- Erase Latency = 1.250ms
| -——— H-Tree Latency = 0.000ps

| ——— Mat Latency = 1.250ms

- Programming Latency = 200.440us
| ——— H-Tree Latency = 0.000ps

| -——— Mat Latency = 200.440us

- Read Bandwidth = 127.313MB/s

- Write Bandwidth = 10.218MB/s

Power:
— Read Dynamic Energy = 696.412nJ
| -——— H-Tree Dynamic Energy = 0.000pdJd

| ——— Mat Dynamic Energy = 696.412nJ per mat
| -——— Predecoder Dynamic Energy = 0.349pJd
| -——— Subarray Dynamic Energy = 696.412nJ per active subarray

| -——— Row Decoder Dynamic Energy = 693.677nJ
| ——— Mux Decoder Dynamic Energy 2.153pd
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| ——— Senseamp Dynamic Energy = 2.241pJ
| -——— Mux Dynamic Energy = 2.043pJd
| -——— Precharge Dynamic Energy = 7.675pd
— Erase Dynamic Energy = 16.532uJd per block
| -——— H-Tree Dynamic Energy = 0.000pJ

| -——— Mat Dynamic Energy = 16.532uJ per mat
| -——— Predecoder Dynamic Energy = 0.349pJd
| -——— Subarray Dynamic Energy = 1.006ud per active subarray

| -——— Row Decoder Dynamic Energy = 408.239nJ
| -——— Mux Decoder Dynamic Energy = 2.153pJ
| -——— Mux Dynamic Energy 2.043pJd

— Programming Dynamic Energy = 1.782uJ per page

| -——— H-Tree Dynamic Energy = 0.000pJd

| -——— Mat Dynamic Energy = 1.782udJ per mat
| -——— Predecoder Dynamic Energy = 0.349pJ
| -——— Subarray Dynamic Energy = 1.006uJ per active subarray

| -——— Row Decoder Dynamic Energy = 408.239nJ
| -——— Mux Decoder Dynamic Energy = 2.153pJd
2.043pJd

| ——— Mux Dynamic Energy
- Leakage Power = 735.622uW
| ——— H-Tree Leakage Power
| -——— Mat Leakage Power

0.000pW
735.622uW per mat

Finished!
Listing 13: SRAM L1 Profile
User—-defined configuration file (./showcase_SRAM_Ll.cfg) is loaded

Design Target: Cache
Capacity : 128KB

Cache Line Size: 64Bytes
Cache Associativity: 8 Ways

Searching for the best solution that is optimized for write
energy-delay—-product

Using cell file: sample_SRAM.cell

numSolutions = 4347 / numDesigns = 15604974

CACHE DESIGN —- SUMMARY
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Access Mode: Normal
Area:
- Total Area = 0.065mm"2
| -——— Data Array Area = 173.014um x 250.272um = 0.046mm"2

| -——— Tag Array Area = 197.752um x 97.768um = 0.020mm"2
Timing:

— Cache Hit Latency = 1.095ns

— Cache Miss Latency = 0.099ns

— Cache Write Latency = 0.781ns
Power:

— Cache Hit Dynamic Energy = 0.013nJ per access

— Cache Miss Dynamic Energy = 0.013nJ per access

— Cache Write Dynamic Energy = 0.009nJ per access

— Cache Total Leakage Power 4.107mw
| -——— Cache Data Array Leakage Power = 3.209mW
0.898mwW

| -——— Cache Tag Array Leakage Power

CACHE DATA ARRAY DETAILS

Optimized for: Write Energy-Delay-Product
Memory Cell: SRAM

Cell Area (F"2) : 146.000 (14.600Fx10.000F)
Cell Aspect Ratio : 1.460

SRAM Cell Access Transistor Width: 1.310F
SRAM Cell NMOS Width: 2.080F

SRAM Cell PMOS Width: 1.230F

Bank Organization: 2 x 1 x 2

- Row Activation 2/ 2 x1
— Column Activation: 1 / 1 x 1
Mat Organization: 2 x 2
- Row Activation 2/ 2
- Column Activation: 2 / 2
— Subarray Size 128 Rows x 512 Columns

Mux Level:

— Senseamp Mux 1

— Output Level-1 Mux: 1

— Output Level-2 Mux: 1

— One set is partitioned into 1 rows
Local Wire:

- Wire Type : Local Aggressive

— Repeater Type: No Repeaters

172




- Low Swing : No
Global Wire:

- Wire Type : Local Conservative
— Repeater Type: No Repeaters
— Low Swing : No
Buffer Design Style: Latency-Optimized
RESULT
Area:

— Total Area = 173.014um x 250.272um = 45624.777um”2

| -——— Mat Area = 86.507um x 250.272um = 21650.263um”2
(171.122%)
| ——— Subarray Area = 43.254um x 123.522um = 5342.780um”2
(173.357%)
| -——— TSV Area = 2.250um”2
— Area Efficiency = 162.404%
Timing:
— Read Latency = 848.611lps
| ——— TSV Latency = 0.018ps
| -——— H-Tree Latency = 135.162ps
| -——— Mat Latency = 713.431ps
| ——— Predecoder Latency = 89.120ps
| -——— Subarray Latency = 624.311lps
| -——— Row Decoder Latency = 309.200ps
| -——— Bitline Latency = 292.772ps
| -——— Senseamp Latency = 2.558ps
| ——— Mux Latency = 19.781ps
| -——— Precharge Latency = 210.253ps
— Write Latency = 781.021ps
| ——— TSV Latency = 0.009ps
| -——— H-Tree Latency = 67.581lps
| -——— Mat Latency = 713.431ps
| -——— Predecoder Latency = 89.120ps
| -——— Subarray Latency = 624.311lps
| -——— Row Decoder Latency = 309.200ps
| -——— Charge Latency = 206.327ps
- Read Bandwidth = 121.820GB/s
- Write Bandwidth = 102.513GB/s
Power:
— Read Dynamic Energy = 11.143pd
| -——— TSV Dynamic Energy = 4.238pJd

| ——— H-Tree Dynamic Energy = 1.741pdJd
| -——— Mat Dynamic Energy 2.582pJd per mat
| -——— Predecoder Dynamic Energy = 0.029pJ
| -——— Subarray Dynamic Energy = 0.638pJ per active subarray
| ——— Row Decoder Dynamic Energy = 0.019pJ
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| ——— Mux Decoder Dynamic Energy = 0.045pdJ
| -——— Senseamp Dynamic Energy = 0.035pJd
| -——— Mux Dynamic Energy = 0.032pJ
| -——— Precharge Dynamic Energy = 0.070pJd
— Write Dynamic Energy = 6.853pJ
| -——— TSV Dynamic Energy = 4.238pd
| -——— H-Tree Dynamic Energy = 1.741pdJd
| -——— Mat Dynamic Energy = 0.437pJ per mat
| -——— Predecoder Dynamic Energy = 0.029pJd
| -——— Subarray Dynamic Energy = 0.102pJ per active subarray

| -——— Row Decoder Dynamic Energy = 0.019pJd
| ——— Mux Decoder Dynamic Energy = 0.045pdJ
| -——— Mux Dynamic Energy 0.032pJd
— Leakage Power = 3.209mW
| -——— TSV Leakage
| ——— H-Tree Leakage Power
| -——— Mat Leakage Power

0.000pwW
0.000pW
802.263uW per mat

Listing 14: SRAM L2 Profile

User—-defined configuration file (./showcase_SRAM_L2.cfg) is loaded

Design Target: Cache
Capacity : 512KB

Cache Line Size: 64Bytes
Cache Associativity: 8 Ways

Searching for the best solution that is optimized for write
energy—-delay-product

Using cell file: sample_SRAM.cell

numSolutions = 17283 / numDesigns = 15604974

Access Mode: Normal
Area:
- Total Area = 0.187mm"2
| -——— Data Array Area = 333.189%um x 488.378um = 0.165mm"2
| -—— Tag Array Area = 152.646um x 141.960um 0.022mm"2
Timing:
— Cache Hit Latency = 2.979ns
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0.218ns
2.220ns

— Cache
— Cache

Miss Latency
Write Latency
Power:

— Cache
— Cache

Hit Dynamic Energy
Miss Dynamic Energy

0.021nJ per access
0.021nJd per access

— Cache Write Dynamic Energy = 0.006nJ per access
— Cache Total Leakage Power = 13.226mW

| -——— Cache Data Array Leakage Power = 11.858mW

| -——— Cache Tag Array Leakage Power = 1.368mW

CACHE DATA ARRAY DETAILS

Optimized for: Write Energy-Delay-Product

Memory Cell: SRAM
Cell Area (F"2) 146.000 (14.600Fx10.000F)
Cell Aspect Ratio 1.460

SRAM
SRAM
SRAM

Cell Access Transistor Width: 1.310F
Cell NMOS Width: 2.080F

Cell PMOS Width: 1.230F

Bank Organization: 1 x 1 x 2

- Row Activation 1/ 1 x1
— Column Activation: 1 / 1 x 1
Mat Organization: 2 x 2
- Row Activation 2/ 2
- Column Activation: 2 / 2
— Subarray Size 512 Rows x 1024 Columns

Mux Level:

- Senseamp Mux 1

— Output Level-1 Mux: 1

— Output Level-2 Mux: 1

— One set is partitioned into 1 rows
Local Wire:

- Wire Type Local Aggressive
— Repeater Type: No Repeaters
— Low Swing No
Global Wire:
- Wire Type Local Conservative
— Repeater Type: No Repeaters
— Low Swing No

Buffer Design Style:

Latency-Optimized
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RESULT

Area:
— Total Area = 333.18%um x 488.378um = 165050.780um”2

| -——— Mat Area = 333.18%um x 488.378um = 162722.030um"2
(182.143%)

| -——— Subarray Area = 166.594um x 241.442um = 40222.941um"2
(184.215%)

| -——— TSV Area = 2.250um"2

— Area Efficiency = 179.573%

Timing:

- Read Latency = 2.220ns

| -——— TSV Latency = 0.018ps

| ——— H-Tree Latency = 0.000ps

| -——— Mat Latency = 2.220ns
| -——— Predecoder Latency = 124.209ps
| -——— Subarray Latency = 2.095ns

| -——— Row Decoder Latency = 930.241ps
| -—— Bitline Latency 1.143ns

| ——— Senseamp Latency 2.558ps

| ——— Mux Latency = 19.781ps

| -——— Precharge Latency = 997.782ps
— Write Latency = 2.220ns
| -——— TSV Latency = 0.009%ps
| ——— H-Tree Latency = 0.000ps
| -——— Mat Latency = 2.220ns
| -——— Predecoder Latency = 124.209ps
| -——— Subarray Latency = 2.095ns

| -——— Row Decoder Latency = 930.241ps

| -——— Charge Latency = 1.000ns
- Read Bandwidth = 29.589GB/s
- Write Bandwidth = 30.543GB/s

Power:
— Read Dynamic Energy = 19.813pJd
| -——— TSV Dynamic Energy = 4.254pJd
| ——— H-Tree Dynamic Energy 0.000pJ
| -——— Mat Dynamic Energy 15.559pJ per mat
| -——— Predecoder Dynamic Energy = 0.065pJd
| ——— Subarray Dynamic Energy = 3.873pJ per active subarray
| -——— Row Decoder Dynamic Energy = 0.034pJd

| -——— Mux Decoder Dynamic Energy = 0.084pJd
| -——— Senseamp Dynamic Energy = 0.069pJ0
| ——— Mux Dynamic Energy 0.064pJ
| -——— Precharge Dynamic Energy = 0.136pJd

— Write Dynamic Energy = 5.263pJd
| -—— TSV Dynamic Energy = 4.254pd
0.000pJd

| ——— H-Tree Dynamic Energy
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| ——— Mat Dynamic Energy = 1.008pJ per mat
| -——— Predecoder Dynamic Energy = 0.065pJd
| -——— Subarray Dynamic Energy = 0.236pJ per active subarray
| -——— Row Decoder Dynamic Energy = 0.034pJd
| ——— Mux Decoder Dynamic Energy = 0.084pJ
| ——— Mux Dynamic Energy = 0.064pJd
- Leakage Power = 11.858mW
| -——— TSV Leakage
| -——— H-Tree Leakage Power
| -——— Mat Leakage Power

0.000pwW
0.000pwW
5.929mW per mat

Listing 15: Zaratan SATA SSD Profile

Memory Cell: SATA SSD

RESULT

- Read Latency = 0.08ms

- Write Latency = 0.05ms

- Read Dynamic Energy = 0.48mJ

- Write Dynamic Energy = 0.325mJ
- Idle Power = 1.125W
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