Evaluation of Non-Volatile Memory Based Last
Level Cache Given Modern Use Case Behavior
Alexander Hankin, Tomer Shapira, Karthik Sangaiah∗ , Michael Lui∗ , Mark Hempstead
Tufts University, Department of Electrical and Computer Engineering
University, Department of Electrical and Computer Engineering
{hankin, tshapi02, mark}@ece.tufts.edu, {ks499, mdl45}@drexel.edu

∗ Drexel

Abstract—To confront the memory wall and keep up with the
demands of changing use cases, Non-Volatile Memories (NVMs)
have begun to be considered as a replacement for SRAM in
the Last Level Cache (LLC). Recent work has shown that
the small cell size of NVMs like Spin- Torque Transfer RAM
(STTRAM) and Resistive RAM (RRAM) allows designers to build
significantly denser LLCs than those with SRAM-based cells. In
some cases, this allows for storing up to 10× more data on-chip
than before. As the working set size of use cases increases with the
advent of statistical inference (e.g., machine learning (ML) and
artificial intelligence (AI)), more capacity close to the processor
is necessary to keep up with the demand for performance and
low power.
Despite the growing potential of NVM-based LLCs, there are
still fundamental problems that need to be addressed. First, the
research community is lacking a methodology for consistently
modeling these devices, which leads to apples-to-oranges comparisons across NVM-based LLCs. Second, NVMs exhibit a key
operational difference with SRAM: read and write asymmetry.
The effects of this asymmetry on use case performance and power
are mostly unknown with prior art relying only on total read and
write counts and on limited sets of use cases.
In this work we present two novel contributions: (1) a set
of heuristics for modeling emerging NVM-based LLCs, and
(2) a workload characterization framework that learns how
architecture-agnostic features, like entropy and working set size,
affect the performance and power of a NVM-based LLC system
for different use cases. In addition, with this work we release
our NVM cell models and make them publicly available online.
Using our NVM-based LLC models we show that NVM-based
LLC energy use is up to an order of magnitude less than that
of an SRAM-based LLC while ED2 P is generally on par. From
our workload characterization framework, we show that for the
AI use cases, energy and speedup are 99% correlated with write
entropy, 90% write footprint, and unique write footprint while
negligibly correlated with total read and write footprint.

I. I NTRODUCTION
Memory system paradigm shifts are beginning to occur as
a result of the memory wall and changing use case behavior.
The working set size of applications is increasing, which puts
increasing pressure on the memory to quickly supply large
quantities of data. As the LLC is the processors last line
of defense against an expensive off-chip memory access, a
significant burden has fallen upon it. Traditional SRAM-based
LLCs are density-limited and cannot scale to accommodate the
growing working set sizes of ML and AI use cases. Improving
the management of existing SRAM capacity is a very active
area of research [1]–[5]; however, there is only so much that

can be done. This has led the research community to explore
the impact of NVM-based LLCs.
Beginning decades ago as a storage solution, NVMs have
slowly made their way down the memory hierarchy, as the
technologies have matured and the demand for more memory
capacity has increased. Current emerging NVMs now not only
offer high density and low leakage, but also fast read latencies
which make them a competitor to modern SRAM technologies
for the LLC [6]–[9]. Despite this potential, there are a few
considerable roadblocks in the way of complete adoption of
NVMs in the LLC including write performance and lifetime
[7]–[13].
Prior art in NVM-based LLCs is recent and has primarily
been focused on mitigating the issues with write performance,
write energy and reliability [7]–[9], [14]–[19]. Existing work
can be categorized into three groups:
1) Existing architectural techniques adapted for NVMs,
e.g., wear leveling [20]
2) Novel architectural techniques, e.g., cache bypassing
[21], [14], [16], [17]
3) Device level techniques, e.g., trading off different
device-level parameters [15], [18], [22], [23]
To facilitate apples-to-apples comparisons across NVMbased LLCs in the research community, we present a set of
modeling heuristics. With any emerging technology, there is a
challenge in deriving the accurate software models needed for
fast-paced simulation-based research. The lack of a consistent
modeling methodology for NVM-based LLCs leads to applesto-oranges comparisons in different works. Thus, our first
contribution is to outline a unified modeling framework which
researchers can use to compare NVMs.
Our second contribution focuses on understanding the effects of the unique operating behavior of NVMs in the context
of the last level cache. Particularly, we study the extent to
which use case memory behavior exacerbates or enhances
system performance and energy efficiency for different NVMbased LLCs. This is because NVMs have unique characteristics, such as read and write asymmetry, which may better
serve certain use cases over others depending on their behavior.
In fact, there is variation in operating behavior even across
individual technologies within the same class (where class is
STTRAM or PCRAM, for example). Therefore, we explore
the extent to which architecture-agnostic features affect system

performance and energy. This will allow a designer to select
the correct NVM technology for her or his system, depending
on target use case(s). We study this relationship across multiple
Spin-Torque Transfer RAM (STTRAM) and Resistive RAM
(RRAM) based LLCs.
For our workload characterization of memory behavior, we
carefully select workloads which represent a wide range of
use cases. We select traditional serial use cases as well as use
cases which reflect modern and future applications, such as
the highly parallelized, artificial intelligence (AI) applications.
We characterize these workloads using a rigorous collection
of memory behavior metrics [24] including address entropy,
spatial locality, unique address footprint, and working set size.
We analyze the variation in performance and energy across
workloads and determine the amount of correlation with the
architecture-agnostic features. We then discuss the extent to
which the best LLC technology depends on memory behavior
of the use case.
The structure of the rest of the paper is as follows: Section II
gives relevant and necessary background information on the
NVMs studied in this work; Section III presents our heuristics
for NVM-based LLC modeling; Section IV outlines our simulation methodology; Section V presents the simulations results
as well as our analysis; Section VI examines the relationship
between architecture-agnostic workload behavior and NVMbased LLC; Section VII outlines next steps for our work; and
we conclude with Section VIII, which offers our final thoughts.
II. BACKGROUND
The most prominent emerging NVMs in recent years include PCRAM, STTRAM, and RRAM. More technologies
continue to emerge including Charge Trap Transfer RAM (CTTRAM) as well as technologies which can leverage multiple
bits per single level cell. In addition, the VLSI and architecture
research communities continue to produce novel device-level
and structural innovations, like multi-level cell (MLC) NVMs
and 3D chips [10]. Table I below provides a brief summary
of the technology classes used in this work.
Advantages

Drawbacks

RAM

small cell size, high
scalability

Spin-Torque
Transfer
RAM (STTRAM)

small cell size, efficient read operations, high scalability
low-energy writes,
high data density

write
endurance,
write disturbance,
resistance drift
asymmetric
read
and write energy

Phase Change
(PCRAM)

Resistive RAM (RRAM)

write endurance

TABLE I: Advantages and drawbacks of PCRAM, STTRAM,
and RRAM.

A. Phase Change RAM
PCRAM works by employing a phase change material that
is sensitive to heat to store data. Heat is generated through
electrical pulses that are sent to a PCRAM cell to either melt
it (RESET) or crystallize it (SET). PCRAM has a smaller cell

size and higher scalability over DRAM with PCRAM chips
being constructed at a 20 nm technology node. PCRAM also
has no leakage power from the cell [25]. All of these factors–
though primarily energy efficiency–have led to PCRAM being
projected to replace DRAM in main memory.
Though PCRAM appears to be the most promising technology for volume production, there are critical issues standing
in its way. One key issue is scaling. At 54 nm PCRAM, a phenomenon referred to as write-disturbance (WD) is observed,
which refers to the disturbance of nearby cells resistance-states
from the heat generated for writing one cell. This phenomenon
becomes more significant at smaller dimensions, especially
below 20 nm technology [25].
Another roadblock is write endurance. “Stuck at faults”
can occur after a limited number of writes (107 –108 ). When
this occurs, the state is still discernible; however, it cannot
be overwritten. Limited solutions to this problem do exist,
such as excluding memory pages with faulty bits or relying
on the operating system to hide the faults; however, these
solutions are not ideal. For example, the former continuously
reduces usable memory until, presumably, no working cells
remain [26].
B. Spin-Torque Transfer RAM
In contrast to PCRAM, STTRAM uses magnetism to store
data. An STTRAM storage element, referred to as a magnetic
tunnel junction (MTJ), contains two ferromagnetic layers with
a tunnel barrier between. One layer is used as a reference
layer that is fixed at fabrication and data is represented by the
difference in magnetization direction between the two layers.
Two possible states exist: parallel directions and nonparallel
directions.
STTRAM also has its hurdles. Perhaps the biggest is
STTRAM cache write performance. When compared to current SRAM-based caches, STTRAM caches consume 2–3×
more energy for writes and have a longer write latency. Also,
read and write energy is highly asymmetric with write energy
about an order of magnitude higher than read energy [9].
Improving inefficient STTRAM cache write operations is
essential for adoption of STTRAM in LLCs.
C. Resistive RAM
RRAM refers to the subset of resistive NVMs that use metal
oxides to store data. A metal-oxide RRAM cell consists of
two layers of metal electrodes with a metal oxide layer in the
middle. In order to change the resistance or state of the cell,
an external voltage with a specified polarity, magnitude, and
duration is applied to the metal-oxide layer [27].
RRAM has superior write endurance to PCRAM with
issues occurring at 1010 writes rather than 107 to 108 writes.
Additionally, RRAM can still benefit from write endurance
solutions for PCRAM [27]. RRAMs can also be implemented
with a unique dense crossbar architecture which means that
these RRAMs cannot benefit from architecture-level optimizations for other NVMs since other NVMs often use a
MOSFET or BJT as an access transistor. However, the RRAM

crossbar architecture has potential for unique, crossbar-specific
innovations [27].
Micron has produced a RRAM prototype and HP has its
Memristor crossbar project, both indicating industry interest
in RRAM for main memory [27].
D. Qualitative Comparison
PCRAM boasts a small cell size and high scalability, however it suffers from poor write endurance, write disturbance,
and resistance drift. STTRAM allows for highly efficient read
operations and high scalability; but this comes with highly
asymmetric read and write energy. RRAM stands apart from
STTRAM in that it provides low-energy writes. It also can
provide very high data density, however, this comes with the
cost of poor write endurance. These three byte-addressable
NVMs can have multiple levels per cell for increased data
density and memory capacity [37].
Cell-level modeling parameters for each NVM are shown
in Table II. Each NVM has its own unique characteristics,
specifically the degree of asymmetry. Consequently, these
characteristics have certain implications for area, performance
(execution time), and energy consumption.
E. Related Work
Related work [38], [39] which models emerging NVM
technologies such as PCRAM, STTRAM, and RRAM in the
LLC often does not include the device-level parameters which
were used in the models. In other cases, only a subset of the
parameters are released. In fact, in extreme cases [6], works
use a rough model of an NVM-based LLC simply by adding
a delay to the write latency of SRAM and scaling the SRAM
capacity. Determining model parameters used in an NVM
simulator is a critical step in generating an accurate model and
is non-trivial. Without knowledge of the methodology that is
used, it is impossible to obtain apples-to-apples comparisons
across works. This is a significant hindrance to the overall
goals of these works.
In some related work, these parameters are based on observations from a real chip, in which case it is obviously
appropriate to leave out the methodology for determining these
parameters. In many cases, though, these models are based
on NVM technologies introduced in VLSI literature which
often do not contain the architecture parameters to complete
a specification in an NVM simulator. Thus it is important for
researchers to release this information. While NVM simulators
are continuously being improved, they are still in their early
stages. Therefore, in concert with simulator development, it
is prudent to also develop better methodologies for most
effectively utilizing these simulators. This work gains part of
its novelty by modeling a wide range of NVM technologies–
across class and generations within class–in a transparent
manner.
III. C ELL - LEVEL NVM M ODELS
As mentioned previously, NVM-based LLC models in prior
art are generally course-grained and opaque. Furthermore,

few works compare across multiple NVM technologies. The
lack of a consistent modeling methodology or set of models prevents researchers from easily making apples-to-apples
comparisons across technologies. This is clear yet no such
methodology nor set of models exists for NVM-based LLCs.
This is, in fact, because it is challenging to derive an accurate
NVM LLC model. This is primarily due to:
• Limited number of architectural NVM simulators available
• Irregularities in the kind of data presented in VLSI
literature works which introduce NVM technologies
• Lack of direct compatibility between presented data and
the required parameters for the simulators
To date, there are a limited number of software tools
available for modeling NVMs. Among them are NVSim [40],
NVMain [41], and DESTINY [42]. Each of these NVM
simulators are slightly tangential. One may model energy and
timing, while another models area, energy, and lifetime, for
example. Multiple NVM simulators can be used together to
generate all the desirable estimates (timing, energy, area, and
lifetime) but this is very tedious. For this work, we rely
on NVSim, since it is currently the most established NVM
simulator. We use NVSim to generate timing, energy, and area
for NVM-based LLCs containing the NVM cell specifications
shown in Table II.
In addition to the limited number of (tangential) NVM
simulators, it is difficult to obtain the data necessary to
effectively use the simulators. To model an NVM-based LLC
in NVSim, certain parameters are required depending on the
class. For example for PCRAM, NVSim requests the process
node and cell size followed by parameters for reading and
writing the device: read current, read energy, reset current,
reset pulse, set current, and set pulse. For STTRAM, NVSim
requires process node, cell size, read voltage, read power, reset
current, reset pulse, reset energy, set current, set pulse, and set
energy. RRAM requires process node, cell size, read voltage,
read power, reset voltage, reset pulse, reset energy, set voltage,
set pulse, and set energy.
For the NVMs we have selected, these parameters and
values are listed in Table II. For ease of communication, NVM
cells will be referred to by the citation name for the rest of
this section.
A. Modeling Heuristics
It is difficult to judge the absolute accuracy of any NVM
model derived from the VLSI literature; however, this is
a common modeling strategy for NVM-based LLC works.
This leads to apples-to-oranges comparisons across NVMbased LLCs used in different works. Since some necessary
NVM cell-level parameters may not be available, specifying
a technology in a simulator such as NVSim requires educated
guesses for those parameters which are not found in the
literature. These parameters which were not reported in the
literature for any of the NVMs in this work are indicated with
an * or † in Table II. The most common data points which
are not reported in the original VLSI paper, yet are necessary

class
year
access device
process [nm]
cell size [F 2 ]
cell levels
read current [µA]
read voltage [V ]
read power [µW ]
read energy [pJ]
reset current [µA]
reset voltage [V ]
reset pulse [ns]
reset energy [pJ]
set current [µA]
set voltage [V ]
set pulse [ns]
set energy [pJ]

Oh
[28]

Chen
[29]

Kang
[30]

Close
[31]

Chung
[32]

Jan [33]

Umeki
[34]

Xue [35]

Hayakawa
[36]

Zhang
[13]

PCRAM
2005
CMOS
120
16.6*
1
40*

PCRAM
2006
CMOS
60*
10*
1
40*

PCRAM
2006
CMOS
100
16.6
1
60*

PCRAM
2013
CMOS
90
25
2
60*

STTRAM
2010
CMOS
54
14
1

STTRAM
2014
CMOS
90
50
1

STTRAM
2015
CMOS
65
48†
1

STTRAM
2016
CMOS
45
63
2

RRAM
2015
CMOS
40
4*
1

RRAM
2016
CMOS
22
4*
1

0.65
24.1†

0.08
30*

0.38
1.70

1.2
65

0.4*
0.16*

0.2
0.02

80

52

255†

150

10
0.52†
100†

4
1*
38

10
1.12
255†

2
0.36
150

2*
10*
0.6*

1
150
0.4

10
0.75†

4.5
1*

10
1.12

2
0.36

2*
10*
0.6*

1
150
0.4

2*
600

2*
90

2*
600

2*
400

10

60

50

20

200

55

200*

400

180

80

300

20

TABLE II: NVM Parameters († and * indicate parameters not found in cited paper. † denotes parameters derived using heuristic
1). * denotes parameters derived using heuristic 2) or 3). Grayed-out cells indicate parameters not applicable to that class).

for architectural simulation include: read current, read energy,
read power, reset energy, and set energy.
Without access to industry data, it is a challenging exercise
to validate the absolute accuracy of all cell-level parameters;
however, it is not essential for this work. To ensure an
apples-to-apples comparison across different technologies, a
consistent set of heuristics must be used to select values
for parameters which are not available. We developed such
heuristics, and it includes three strategies:
1) Electrical Properties: Derive unknown parameters based
on known parameters (e.g., equations (1)–(3), where s/r
denotes set or reset, t denotes pulse length, A denotes
cell size, and s denotes process size, e.g., 45 nm). These
parameters are denoted with a † in Table II.
2) Interpolation: Use trends of known parameters from
similar technologies to interpolate unknown parameters
from known parameters.
3) Similarity: Select parameter from another technology in
the same class.
Values in Table II which contain a † are unknown parameters
whose estimates were obtained using heuristic 1). This is the
most accurate method of estimation and should be preferred.
For heuristics 2) and 3), parameters from an older technology
in the same class are used to estimate unknown parameters.
Parameters obtained this way are denoted with a *.
To demonstrate the application of these heuristics, we
present an example using heuristic 3), the least accurate
(and least preferred) method for determining the value of an
unknown parameter. Using the knowledge of the set current
and reset current of Oh, a technology in the same class as
Kang, we select the set current for Kang. Given that Oh and
Kang have identical reset current, it is likely that they have
identical, or at least similar, set current. Therefore we select a
set current of 200 µA for Kang.
Due to the more recent nature of RRAM, there are fewer
CMOS-accessed RRAM technologies with cell-level parame-

ters for specification in NVSim. Despite the lack of parameters
in the literature for Hayakawa [36], we include it in this work
to maintain a more balanced set of NVM classes. We should
note: upon publication all of our NVM cell models will be
made publicly available online. They can be downloaded here:
http://sites.tufts.edu/tcal/nvm-models. Using these models and
equations (4)–(8) in Section IV, it is straightforward to derive
NVM-based LLC models based on these NVM cells which can
directly interface with a full-system simulator (see Section IV).
Pread = Iread ∗ Vread

(1)

Es/r = Is/r ∗ Vaccess ∗ ts/r

(2)

A [F 2 ] =

lcell ∗ wcell
s2proc

(3)

IV. E VALUATION M ETHODOLOGY
For our evaluation, we model a quad-core out-of-order
architecture based on the Xeon x5550 ”Gainestown” processor
using an open source x86 simulator, Sniper [43]. Each core is
clocked at 2.66 GHz with 1 thread per core. We use a 128entry reorder buffer with a 48 entry load queue and 32 entry
store queue. The architecture is equipped with three levels of
cache. Each core contains its own 32KB, 4-way set associative,
parallel access, write-back L1 instruction cache and similar 8way set associative L1 data cache. Each core also contains a
private 256KB, 8-way set associative, parallel access, writeback L2 cache. All cores share an on-chip LLC capacity of
2MB. The LLC model in Sniper is modified to handle both
SRAM and NVM (PCRAM, STTRAM, and RRAM). Our
baseline configuration contains a 2MB SRAM-based LLC with
a 45 nm process technology. The latency, energy, area, and
capacity of all NVM-based LLCs is shown in Table III. We
sweep LLC memory technology and study the impact of NVM
behavior on system performance and energy.
Our main memory model consists of 4 distributed DRAM
controllers with 4 DIMMS per controller and 104K entries

OhP

ChenP

KangP

CloseP

ChungS

JanS

UmekiS

XueS

4.591
0.656
1.497
301.018
/51.018
0.678

2.855
0.582
0.82
20.681
/20.681
0.437

1.452
1.240
1.763
11.751

9.171
1.423
3.072
7.878

4.348
1.208
2.715
11.916

1.585
1.156
2.878
4.038

0.915
1.396
1.722
20.716

0.209

0.188

0.173

0.251

0.033

0.023

0.082

0.077

0.058

375.073

51.116

1.332

2.305

0.071

0.061

0.039

0.166

2
0.740
1.909
181.206/
11.206
0.840

4
0.607
1.428
81.17/
61.17
0.496

2
0.656
1.497
301.018/
51.018
0.678

4
0.581
0.789
20.46/
20.46
1.003

0.042

0.030

0.033

Area [mm2 ]
Tag Access Latency [ns]
Data Read Latency, tread [ns]
Data Write Latency, twrite [ns]
(set/ reset)
Cache
Hit
Dynamic
Energy,
Edyn,hit [nJ]
Cache Miss Dynamic Energy,
Edyn,miss [nJ]
Cache Write Dynamic Energy
Edyn,write [nJ]
Cache Total Leakage Power [W ]

6.847
4.104
0.74
0.604
1.907
0.607
181.206 80.491
/11.206 /60.491
0.840
0.421

0.062

Capacity [MB]
Tag Access Latency [ns]
Data Read Latency, tread [ns]
Data Write Latency, twrite [ns]
(set/ reset)
Cache
Hit
Dynamic
Energy,
Edyn,hit [nJ]
Cache Miss Dynamic Energy,
Edyn,miss [nJ]
Cache Write Dynamic Energy,
Edyn,write [nJ]
Cache Total Leakage Power [W ]

0.042

0.025

225.413 34.108

225.413 33.599
0.062

0.100

HayakawaR ZhangR SRAM
0.307
1.722
2.16
300.834

6.548
0.439
1.234
0.515

0.263

0.217

0.565

0.121

0.078

0.086

0.011

1.644

0.597

0.952

0.523

0.537

0.048

0.295

0.115

0.194

0.151

3.438

8
1.283
3.262
13.088

1
1.288
2.074
6.17

2
1.208
2.715
11.916

8
1.229
3.378
3.928

32
1.690
2.536
20.735

128
2.392
9.537
304.936

2
0.439
1.234
0.515

0.457

0.187

0.173

0.683

0.715

0.605

0.565

0.029

0.083

0.080

0.058

0.123

0.088

0.089

0.011

375.073

50.912

1.656

1.780

1.644

0.912

1.458

0.921

0.537

0.061

0.137

0.661

0.025

0.295

0.828

3.896

9.000

3.438

TABLE III: Gainestown LLC models generated by NVSim for fixed-capacity (top) LLC, fixed-area (bottom) LLC. For PCRAM,
data write latency format is: set/ reset. Heatmap on per-row basis indicating extrema.

per directory. Each directory is full-map and each controller
can provide bandwidth up to 7.6 GB/s. The full simulated
architecture details are shown in Table IV.

µprocessor
ROB

L1I $
L1D $

We select workloads from four benchmark suites: SPEC
cpu2006 [44], PARSEC 3.0 [45], NAS Parallel Benchmarks
(NPB) 3.3.1 [46], and SPEC cpu2017 [44]. Benchmark suites
were selected to provide a range of application domains
and parallelism. The PARSEC3.0 workloads include image
processing and video encoding kernels, the cpu2006 and
NPB3.3.1 workloads contain computer science, scientific, and
mathematical kernels, and the remaining workloads are the
AI inference benchmarks from cpu2017. The PARSEC3.0 and
NPB 3.3.1 suites contain multi-threaded applications while
cpu2006 and cpu2017 contain single-threaded workloads. We
select 7 from cpu2006, 2 from PARSEC3.0, 8 from NPB
3.3.1, and 3 from cpu2017. Workloads were selected from each
benchmark suite which exhibit an LLC misses per thousandinstructions (mpki) at least greater than 5 to appropriately
stress the LLC. Statistical inference use cases, like the ones
included from cpu2017, were selected to expose the NVMbased LLC system to application behavior which is likely
to be prominent in emerging and future workloads. We
should note: the cpu2017 AI workloads (deepsjeng, leela,
exchange2) are examples and may not be representative of all
AI workloads. deepsjeng performs alpha-beta tree search, leela
contains Monte Carlo tree search, and exchange2 is a recursive
algorithm. There are other AI benchmark suites which are
now available like Fathom [47] and TBD [48], which are
more focused on deep learning tasks. Our complete list of
benchmarks is shown in Table V.

L2 $
L3 $
DRAM

Simulated Architecture
Xeon x5550 ”Gainestown” 2.66 GHz OoO
Quad-core, 1 thread/core
128-entry ROB, 48-entry load queue, 32entry store queue, store-to-load forwarding,
and ROB repartitioning
private, 32KB, 4-way set associative,
parallel-access, write-back
private, 32KB, 8-way set associative,
parallel-access, write-back
private, 256KB, 8-way set associative,
parallel-access, write-back
shared, 2MB, 64B blocks, 16-way set associative, parallel-access, write-back
104K entries/directory controller, associativity=16, full-map directory, 4 distributed
DRAM controllers, 7.6GB/s per controller,
8 chips/dimm, 4 dimms/controller

TABLE IV: Simulated Architectural Parameters

A. NVM-based LLC Model in Sniper
Due to the asymmetric nature of NVM energy and latency
for read and write operations, it is non-trivial to model such
behavior in a standard x86 simulator, which is agnostic to read
or write. To model an asymmetric, parallel-access NVM-based
LLC in Sniper, we use equations (4)–(8).
tread ∼ 2 ∗ tH−tree + tread,mat

(4)

twrite ∼ 1 ∗ tH−tree + twrite,mat

(5)

Equations (4) and (5) show the approximation of data read
latency, tread , and data write latency, twrite for our LLCs with
H-tree routing, where tH−tree is the H-tree routing latency and
tread/write,mat is the read/write latency within a mat. tH−tree
and tread/write,mat are direct outputs from NVSim.
Edyn,

hit

= Edyn,

tag

+ Edyn,

data−read

(6)

Suite

Bmk

LLC
mpki

cpu2006
cpu2006
cpu2006
cpu2006
cpu2006
cpu2006
cpu2006
PARSEC3.0
PARSEC3.0
NPB 3.3.1
NPB 3.3.1
NPB 3.3.1
NPB 3.3.1
NPB 3.3.1
NPB 3.3.1
NPB 3.3.1
NPB 3.3.1
cpu2017
cpu2017
cpu2017

bzip2
gamess
GemsFDTD
gobmk
milc
perlbench
tonto
x264
vips
cg
ep
ft
is
lu
mg
sp
ua
deepsjeng
leela
exchange2

Description

142.69
12.83
12.56
38.08
16.46
7.57
12.39
17.81
5.43
80.89
9.31
15.39
35.63
14.42
65.09
44.35
39.08
159.58
24.05
13.50

address appears in an application, while N is the total number
of addresses, and xi is each address. The resulting H is the
memory entropy, in terms of bits. For this work, we compute
memory entropy for reads and writes separately. By splitting
up the memory accesses into reads and writes, we aim to
characterize the effect of the asymmetric operation of NVMs.

Compression/Decompression, s.t.
Quantum computations, s.t.
Maxwell solver 3D, s.t.
Plays Go and analyzes, s.t.
Lattice gauge theory, s.t., MIMD
Perl interpreter s.t.
Quantum package, s.t.
MPEG-4 encoding, s.t.
Image transformation, m.t.
Conjugate gradient, m.t.
Embarrassingly parallel, m.t.
discrete 3D FFT, m.t.
Integer sort, m.t.
LU Gauss-Seidel solver, m.t.
Multigrid on meshes, m.t.
Scalar penta-diagonal solver, m.t.
Unstructured adaptive mesh, m.t.
AI: alpha-beta tree search, s.t.
AI: Monte Carlo tree search, s.t.
AI: recursive solution generator, s.t.

H=−

Edyn,

write

= Edyn,

miss

= Edyn,

tag

(7)

tag

+ Edyn,

data−write

p(xi ) ∗ log2 (p(xi ))

(9)

i=1

TABLE V: Summary of workloads used [49]. ’s.t.’ refers to
single-threaded and ’m.t.’ refers to multi-threaded

Edyn,

N
X

(8)

Equations (6)–(8) show the calculation of dynamic energy
for the LLC, where Edyn, hit is the dynamic energy for
a hit, Edyn, tag is the dynamic energy for a tag lookup,
Edyn, data−read is the data read dynamic energy, Edyn, miss
is the dynamic energy for a miss, Edyn, write is the dynamic
energy of an LLC write, and Edyn, data−write is the data write
dynamic energy. This data is shown in Table III for all LLCs
for fixed-capacity and fixed-area (these two configurations
are explained in Section IV-C). In the table, and for the
remainder of the work, NVM-based LLCs will be referred
to by their citation name plus a subscript indicating the class.
For example, ZhangR indicates a RRAM technology.
B. Workload Characterization
To understand why particular NVMs perform better or
worse depending on the application, we used PRISM [50]
to conduct a rigorous analysis of the memory characteristics
of our applications. PRISM is a framework for profiling
workloads to obtain architecture-agnostic workload metrics.
This framework allows us to capture virtual memory addresses
accessed in the execution of a workload. The first metric
we use, memory entropy, represents the randomness of accessed memory addresses. We capture two forms of memory
entropy: global memory entropy and local memory entropy.
Global memory entropy represents the temporal locality of
all memory accesses. Local memory entropy represents the
spatial locality of regions of the memory address space. This
is computed by skipping the M lowest order bits of the address
in the entropy computation; we chose M to be 10 to reflect
page size. In Information Theory, entropy is computed with
the Shannon entropy equation [24] (equation 9). Applying the
Shannon entropy equation to memory addresses: p(xi ) is the
probability of xi , representative of how frequent a memory

The second metric, unique reads and writes, is representative
of the memory address space during the execution of an
application. It is generated by logging a running, unique set
of addresses as we iterate over each per-thread trace. This
metric is again computed separately for read accesses and
write accesses.
The third metric, 90% memory footprint, is an estimate of
the working set of the application. It is calculated by logging
the number of accesses per memory address. The addresses
are then ordered, descending, by the number of times they are
accessed. We count the number of unique addresses, starting
from the most accessed address, up to 90% of all memory
accesses.
For our workload characterization analysis, we exclude
four benchmarks from cpu2006: gamess, gobmk, milc, and
perlbench due to incompatibilities with PRISM.
C. Fixed-Capacity vs Fixed-Area
Given that density is a primary benefit of NVMs, we consider this effect in our simulations by employing two dfferent
simulation strategies. We refer to these two strategies as fixedcapacity and fixed-area. In the fixed capacity configuration,
we model our NVM-based LLCs to have the same capacity
as the baseline SRAM-based LLC model. This assumes that
the architecture is cost-limited, i.e., a reduction in chip-area
is favorable and LLC capacity is not a bottleneck. In the
second configuration, fixed-area, we assume the architecture
is capacity-limited, i.e., LLC capacity is the bottleneck, and
more capacity is desired with the assumption that physical
area will not exceed that of SRAM. We believe industry
decisions primarily fall into the fixed-area category, especially
with the advent of ML and AI use cases; however, we analyze
performance and energy for both setups.
V. S IMULATION R ESULTS AND A NALYSIS
In this section, we analyze the performance and energy of
our simulated architecture with the NVM-based LLCs and the
baseline configuration. We organize our results and analysis
into the two categories, based on our two aforementioned simulation configurations: fixed-capacity and fixed-area. Again,
fixed-capacity assumes that we have a particular capacity
budget, while fixed-area assumes we have an area budget
but are not limited on capacity. For each NVM LLC, we
study performance and energy, and compare to the SRAM
baseline. To evaluate performance and energy of the NVMbased LLCs, we report overall system speedup, LLC total

Figures 1a and 1b show speedup, LLC energy, and ED2 P
for the fixed-capacity configuration. Figure 1a shows those
for the single-threaded workloads and Figure 1b shows those
results for the multi-threaded workloads.
1) Single-threaded Performance: Utilizing an NVM LLC
generally results in a loss in performance neighboring -1% to
-3%. The top plot in Figure 1a reports normalized speedup. We
should note that in some cases, NVM performance is identical
to that of SRAM, and in one case, superior. For deepsjeng,
NVM speedup is on average +3%.
2) Single-threaded Energy: The middle plot in Figure 1a
reports LLC energy normalized to the SRAM baseline. Shorter
bars represents better energy savings. The horizontal line
indicates LLC energy for the SRAM baseline. NVM LLC
energy is up to 10× less than SRAM in most cases. KangP
and OhP , two PCRAM technologies, exhibit worst case LLC
energy–up to 6× more than SRAM.
3) Single-threaded ED2 P: Higher speedup means higher
energy consumption for the LLCs. The last plot in Figure 1a
reports normalized ED2 P. A smaller ED2 P is better. NVM
LLC ED2 P is up to 10× less than SRAM in most cases.
Similar to the LLC energy results, two PCRAM technologies,
KangP and OhP , exhibit worst-case ED2 P. This is for bzip2,
deepsjeng, gobmk, and leela; this includes two out of the three
AI workloads.
4) Multi-threaded Performance: Multi-threaded performance is mostly agnostic to LLC technology. The top plot
in Figure 1b reports normalized speedup. We should note that
there is a slight (2%) average speedup for cg with NVM LLC.
For is and lu, however, performance degrades by up to 10%.
5) Multi-threaded Energy: The middle plot in Figure 1b
reports normalized LLC energy. NVM LLC energy is 8 − 10×
less than SRAM for most workloads. Worst-case NVM energy

Norm. LLC energy Norm. speedup (%)
Norm. ED2P

JanS
KangP

CloseP
HayakawaR

ZhangR

0
2
6
4
2
0
4
2
0

ss
ge
ng
TD bzip2
psje exchan game
sFD
dee

Gem

Norm. speedup (%)

XueS

OhP
UmekiS

2

gob

mk

leela

milc

perlb

ench

o
tont

(a) Single-threaded

10
5
0
5
10
3

Norm. LLC energy

A. Fixed-Capacity

ChenP
ChungS

Norm. ED2P

energy, and ED2 P. Each of these is normalized to the baseline
SRAM configuration.
The rest of this section is laid out as follows: Section V-A
describes the performance and energy of the NVM-based
LLCs compared to the SRAM baseline for both the singlethreaded and multi-threaded use cases in the fixed-capacity
configuration. We then characterize the variation in performance and power across different use cases. Section V-B describes the performance and energy of the NVM-based LLCs
compared to the SRAM baseline for both the single-threaded
and multi-threaded use cases in the fixed-area configuration.
Again, we characterize the observed variation across memory
technology. In Section V-C, we present a sensitivity study of
multi-core systems by performing a detailed analysis of performance and power of multi-core systems with NVM-based
LLC compared to a baseline single-core SRAM-based LLC
architecture. We characterize the unique tradeoffs involved
with NVM-based LLCs as number of cores/threads increases.
For ease of communication in the rest of this section, we will
refer to NVM-based LLCs by their respective citation name
plus class subscript (from Table III).
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Fig. 1: Simulation results for Gainestown with fixed-capacity
LLC

is reported to be 2.8× SRAM. This is for cg with the PCRAM
technology, KangP . KangP also exhibits poor energy efficiency
with is, mg, sp, and ua.
6) Multi-threaded ED2 P: The last plot in Figure 1b reports
normalized ED2 P. We note that NVM ED2 P is superior
to SRAM for virtually all cases of NVM technology and
workload. KangP and OhP ED2 P is similar to SRAM in the
worst case.
7) Summary: Fixed-capacity performance for both singlethreaded and multi-threaded workloads is consistent with
SRAM. Despite worse write latency of NVM cells, this excess
latency may not show up in system execution time. This is
due to an assumption in the simulator that LLC writes happen
off of the critical path. Without this, exceptionally high write
latency could more significantly impact system execution time.
The most energy-efficient NVM is JanS . JanS outperforms
all memory technologies for gamess, GemsFDTD, milc, perl,
tonto, leela, exchange2, vips, x264, and all NPB workloads,
except for ep. For vips, x264, and sp, this improvement in
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Fig. 2: Simulation results for Gainestown with fixed-area LLC

energy efficiency is 50% over the next best. JanS performs
anywhere between 20% and 50% over the next most energy
efficient technology depending on the use case. For bzip2,
gobmk, and deepsjeng, XueS outperforms all memory technologies in energy efficiency by 10% over the next best. The
results are similar for ED2 P.
B. Fixed-Area
Cache area of each LLC with a fixed capacity to that of
the baseline SRAM LLC is shown in Table III. MLC NVMs
result in significant area savings. XueS (2 levels per cell) has
an area of 3.8mm2 while JanS has area of almost an order
of magnitude greater. RRAM technologies outperform both
STTRAM and PCRAM in area, with ZhangR area of just
0.3mm2 for a 2MB cache.
NVM cache capacities for a given cache area budget are
shown in Table III. For this table, cache area was fixed at 6.55
mm2 . The results from Table III are reinforced with ZhangR
having a massive cache capacity for the given area budget.
STTRAM LLCs are also dense. XueS reaches about 8MB,

4× that of its SRAM counterpart. These fixed-area NVM
caches were simulated in the same way as their fixed-capacity
counterparts and the results are shown in Figure 2b.
Speedup, LLC energy, and ED2 P for the fixed-area configuration are shown in Figures 2a and 2b. Figure 2a shows
those for the single-threaded workloads and Figure 2b shows
those results for the multi-threaded workloads.
1) Single-threaded Performance: The top plot in Figure 2a
reports speedup for the single-threaded workloads. On average,
speedup is negligible. For gobmk, HayakawaR achieves a 60%
speedup over the SRAM baseline. In the case of bzip2, ZhangR
results in a 20% increase in overall system speedup, while in
the case of gobmk, reduces performance by 40%.
2) Single-threaded Energy: For fixed-area, LLC energy
savings are generally upwards of 10×. The middle plot in
Figure 2a shows the LLC energy results. We should note
that: for KangP and OhP , these NVMs exhibit poor energy
efficiency for the AI use cases.
3) Single-threaded ED2 P: The bottom plot in Figure 2a
reports ED2 P. ED2 P results show similar characteristics to
LLC energy results. The two PCRAM technologies, KangP
and OhP exhibit the worst ED2 P, and this is shown for the AI
workloads, leela, deepsjeng, and exchange2.
4) Multi-threaded Performance: Performance varies widely
depending on workload and NVM technology. The first plot in
Figure 2b reports normalized speedup. For the ep, lu, mg, sp,
and ua workloads, ChenP , ChungS , CloseP , HayakawaR , and
ZhangR exhibit more than a 10% speedup over the baseline.
For the ft, lu, sp, and ua workloads, JanS exhibits more than
a 10% reduction in performance.
5) Multi-threaded Energy: The second plot in Figure 2b
shows normalized LLC energy. LLC energy is generally stable.
Again, the two PCRAM technologies, KangP and OhP , exhibit
especially poor energy efficiency (up to 3×).
6) Multi-threaded ED2 P: The last plot in Figure 2b reports
normalized ED2 P. ED2 P results show similar characteristics
with LLC energy results.
7) Summary: Poor write latency is often off the critical
path and hidden from overall system performance. For the
gobmk and ft workloads, HayakawaR achieves 40% and 60%
increase in speedup, respectively, over the next best technology. The most energy efficient technology is highly dependent
on use case. For gobmk, HayakawaR outperforms all technologies in energy efficiency with 20% increase in efficiency
over the next best. For the gamess, GemsFDTD, milc, perl,
tonto, leela, exchange2, vips, x264, and ep workloads, JanS
outperforms all technologies by a 30% improvement in energy
efficiency over the next best technologies. For the cg, is, lu, sp,
and ua workloads from NPB, XueS exhibits superior energy
efficiency ranging from 30% to 50% over the next best.
ED2 P exhibits similar characteristics to LLC energy. We
should note a few key differences. For the gobmk workload,
HayakawaR is 90% better than the next best NVM. Further,
for the ft workload, HayakawaR exhibits a 60% improvement
in ED2 P over the next best. For the vips and x264 bench-

marks, XueS achieves a 20% improvement over the next best
technologies.
C. Sensitive Study: Core Sweep
In this section we present a sensitivity study with multi-core
systems by performing a detailed analysis of performance and
power of multi-core systems with NVM-based LLC compared
to a baseline single-core SRAM-based LLC architecture. We
characterize the unique tradeoffs involved with NVM-based
LLCs as number of cores/threads increases.
1) Performance: Capacity is an increasing strain on the
systems as cores increase. For fixed area, the best performing
NVMs are those with high capacity and low latency. Large
capacity mitigates thread starvation from sharing an LLC
among more cores. If starvation occurs, low latency reduces
the write penalty. XueS and HayakawaR exhibit this behavior.
The lower latency of a dense XueS makes up for an increase in
misses. For capacity starved benchmarks, such as mg, ZhangR
and HayakawaR show the best performance as they are the
densest (128MB and 32MB).
For ft XueS has a low write latency, but suffers from
lower density. HayakawaR has a higher write latency, but a
4× increase in capacity mitigates this. ZhangR has an even
larger capacity, but a nearly 15× worse write latency than
HayakawaR , stripping away the benefit of its higher capacity.
Such behavior is represented with the cg, lu, and sp workloads.
2) Power: Leakage matters more with slower runtimes,
which depends on both capacity and latency. UmekiS is one of
the slowest NVMs due to capacity throttling its performance.
UmekiS has the worst energy efficiency for an NVM. Despite
its lower leakage than other technologies like ZhangR , XueS ,
and HayakawaR , the system with UmekiS LLC takes longer
to complete and thus has more time to leak. Comparatively,
HayakawaR has 16× the capacity while also having a 2×
longer write latency yet it is one of the highest performing. We
should note that for 4-32 cores running ft and all core configurations running sp, HayakawaR is the most energy efficient
despite having 13× greater leakage power than UmekiS .
JanS is a top NVM for energy due to its drastically lower
leakage power than the others. It is 32× less than XueS ,
156× less than HayakawaR , and 360× less than ZhangR .
However, its execution time is much worse than all other
memories. For workloads that do not take excessively long
for systems with JanS LLC to complete, it is possible for
it to have better energy usage. For runs such as: 4+ cores
running ft, all multicore configurations running cg, 8+ cores
running lu and all configurations running sp, the slow run time
of JanS canceled out its dynamic energy efficiency. Leakage
is why XueS outperforms ZhangR for energy. Although they
have similar dynamic statistics, ZhangR suffers from a 11.25×
higher leakage power than XueS . In addition, it usually takes
longer than XueS to complete; running mg is an exception to
this.
The extent to which dynamic energy plays a role in increasing total energy consumption is at odds with the savings
from reduced static power usage. This is either from the NVM

strictly leaking less or from the reduced total leakage because
of a shorter runtime. Between the fastest NVMs like XueS ,
HayakawaR , and ZhangR , only XueS and ZhangR are most
energy efficient. This is due to the higher dynamic energy
of HayakawaR . The benefit of XueS over ZhangR in this case
is due to the higher leakage of ZhangR .
VI. C ORRELATION WITH W ORKLOAD F EATURES
In this section, we present our workload characterization
framework. We use the performance and energy results from
the previous section to determine how architecture-agnostic
behavior affects performance and energy. To begin, we present
our workload characterization data and give a brief overview.
Next, we present our framework. We then present results
for two kinds of systems: a general purpose system and a
specialized system. For the general purpose case, we consider
all use cases together. For the specialized case, we present
results for a specific application domain–AI.
For our workload characterization, we use a rigorous set of
memory behavior metrics broken down by reads and writes.
These metrics are shown in Table VI. For each use case,
we compute global entropy, local entropy, unique address
footprint, 90% address footprint, and total address footprint
(for a definition of these metrics, see Section IV). Table VI
lists the data for each benchmark. Each column in Table VI is
an individual heat map to more easily see variation in behavior
across use case. For GemsFDTD, we notice a 90% read and
write address footprint that is two orders of magnitude greater
than all other use cases. For exchange2, x264, and lu, we
observe a total read address footprint that is an order of
magnitude greater than all other workloads. x264 and lu are
significantly read heavy. While exchange2 has the largest total
read and write address footprint, it has the smallest unique read
and write address footprint, two orders of magnitude smaller
than the average use case.
From the simulation results, it is seen that performance
and energy vary across both use case and NVM without a
clear correlation between performance and energy and the
characteristics of the NVM technology. This complicates the
task of selecting the optimal NVM technology for a given use
case. Since different NVMs, even within the same class of
technology, exhibit unique latency and energy characteristics,
certain technologies lend themselves better to different use
case behaviors. From the workload characterization data, we
observed that metrics like working set size, spatial locality, and
data footprint can vary vastly across application domain. In
fact, use case memory access behavior varies among individual
use cases within a single domain.
To better understand the relationship between NVM and
application behavior, we develop a mathematical framework
for doing so. We use linear correlation between architectureagnostic use case features (those presented in Section IV) and
performance and energy characteristics of Gainestown with
different LLC technologies. We “learn” this relationship for
both the fixed-capacity and fixed-area configurations. Figure
3 shows this framework. For each workload, we use an array
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TABLE VI: Workload Features. Heatmap on per-column basis showing extrema. Hrg =global read entropy, Hrl =local read
entropy, Hwg =global write entropy, Hwl =local write entropy, runique =number of unique reads, wunique =number of unique
writes, 90%f tr =90% read footprint, 90%f tw =90% write footprint, rtotal =total number of reads, wtotal =total number of writes
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Fig. 3: Workload Characterization Framework
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of architecture-agnostic features (those listed in Table VI).
This feature array along with the energy and speedup data
from Section V is compiled. We compute linear correlation
between the energy and speedup characteristics of an NVM
and the feature array to learn which features are most useful
in predicting performance and energy. We limit our analysis to
JanS , XueS , and HayakawaR as these are the best performing
and most energy efficient NVM-based LLCs.
Prior art simply states that NVM performance and energy
is based on the number of reads and writes because of read
and write asymmetry in NVMs. We use the workload metrics
described in section IV-B for all workloads along with the
performance and energy data for each NVM-based LLC configuration in Table III in our framework. For both fixed-area
and fixed-capacity, LLC energy and system execution time is
most highly correlated with the total number of reads and total
number of writes. Therefore, in the case of a general purpose
system, read and write footprint is indeed an appropriate
metric for selecting NVM technology in the LLC. Though
as current trends in computing shift from general purpose
hardware to application-specific hardware, this assumption is
stale.
Given that use cases are shifting more and more to-
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Fig. 4: Feature correlation with energy and speedup for AI benchmarks with fixed-capacity (a)-(c) and fixed-area (d)-(f) LLC

wards statistical inference, we use our framework just on
the AI use cases from cpu2017 to learn the relationship
between architecture-agnostic use case behavior and NVM.
This is to emulate the process of selecting an LLC technology for a theoretical, modern domain specific archecture for statistical inference. Figures 4a–4f show the correlation results for JanS -fixed-capacity, XueS -fixed-capacity,
HayakawaS -fixed-capacity, JanS -fixed-area, XueS -fixed-area,
and HayakawaR -fixed-area, respectively. The higher the value
in a cell, the higher the linear correlation between the corresponding metrics on the horizontal and vertical axes. For these
benchmarks from the AI domain, performance and energy
is most highly correlated with entropy, number of unique
accesses, and 90% unique accesses while total number of reads
and writes has almost no correlation with performance and
energy.
We observe that the larger working sets of emerging workloads will be a greater predictor of the energy of their NVM-

based LLC and total system performance than the total number
of writes. Therefore, in the case of the aforementioned hypothetical statistical inference specific architecture, the designer
should consider picking an NVM device where density was
the design target to accommodate the working set size.
VII. F UTURE W ORK
As is the case when dealing with any emerging technology,
there are abundant avenues for future investigation. In this
section we discuss areas of future investigation related to the
work presented here.
Apples-to-apples comparisons across NVM-based LLC
works is critical for converging on accurate results. To this end,
future work will continue to refine NVM-based LLC modeling
methodologies. In addition to refining and developing better
modeling heuristics, we will perform hardware validation of
the models and characterize model error.
Despite recent efforts in mitigating the poor lifetime of the
NVM classes studied in this work, it remains a major drawback and important consideration when selecting an NVM
technology. Future work will characterize the extent to which
architecture-agnostic features (like the ones studied in this
work) will affect the lifetime of different NVMs.
As chips are becoming increasingly specialized, domainspecific architectures are a major factor in use case performance and power. Future work will look at more specialized
architectures, such as GPUs, DSPs, and stencil processors
using an adaptation of our feature correlation framework to
study how the unique characteristics of an architecture affects
selection of memory technology.
VIII. C ONCLUSION
With the advent of NVM literature targeting the LLC, it is
imperative that researchers are making apples-to-apples comparisons between different technologies. This work provides
a unified modeling framework that researchers can use to
compare NVMs, and we release a set of freely available NVM
models on the web. Furthermore, an understanding of the
interplay between NVM characteristics and workload behavior
will enable researchers and industry professionals to select an
NVM which will perform best for their use cases. We present a
framework for analyzing how workload behavior affects LLC
energy and system performance for different NVMs compared
to an SRAM-based LLC baseline. It is shown that, for different
use cases, different NVMs are more viable than SRAM for
LLC adoption.
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