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Abstract—The world’s appetite for analyzing massive
amounts of structured and unstructured data has grown
dramatically. The computational demands of these abundant-
data applications, such as deep learning, far exceed the
capabilities of today’s computing systems and are unlikely to be
met with isolated improvements in transistor or memory
technologies, or integrated circuit architectures alone.

To achieve unprecedented functionality, speed and energy
efficiency, one must create transformative nanosystems whose
architectures are based on salient properties of the underlying
nanotechnologies. Our N3XT (Nano-Engineered Computing
Systems Technology) approach makes such nanosystems
possible through: (/) new computing system architectures
leveraging emerging device (logic and memory)
nanotechnologies and their dense 3D integration with fine-
grained connectivity to immerse computing in memory, (ii) new
logic devices (such as carbon nanotube field-effect transistors
for implementing high-speed and low-energy logic circuits) as
well as high-density non-volatile memory (such as resistive
memory), amenable to (i) ultra-dense (monolithic) 3D
integration of thin layers of logic and memory devices that are
fabricated at low temperature. In addition, we explore the use
of several device and integration technologies in N3XT beyond
the specific ones mentioned above that are also used in our main
nanosystem prototypes. We also present an efficient resiliency
technique to overcome endurance challenges in certain resistive
memory technologies.

N3XT hardware prototypes demonstrate the practicality of
our architectures. We evaluate the benefits of N3XT using a
simulation framework calibrated using experimental
measurements. System-level energy-delay product of common
implementations of abundant-data workloads improves by
three orders of magnitude in N3XT compared to conventional
architectures. These improvements impact a broad range of
application workloads and architecture configurations, from
embedded systems to the cloud.

I. INTRODUCTION

The future of computing is in a crisis. Progress in
computing hardware has begun to stall just as massive
improvements in speed and energy are needed for coming
generations of transformative applications, such as artificial
intelligence on massive data. Thanks to the abundance of
stored data, these applications have undergone a major leap
in functionality and are playing an increasingly important
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role in our daily lives. Applications that stress existing
architectures include graph analytics (e.g., social
networking), machine/deep learning [LeCunl5] (e.g., real-
time speech-to-text services, computer vision, natural
language processing, and language translation), and
knowledge-based systems (e.g., IBM Watson’s Deep QA
[FerrucilO]).

The execution time and energy consumption of
abundant-data applications are generally dominated by off-
chip memory accesses. This trend holds for a wide variety of
architectures, from general-purpose [Alyl5] to domain-
specific accelerators [Hwangl7, Jouppil7]. Because
application-data needs far exceed on-chip SRAM capacity,
this trend will likely continue despite on-chip transistor
density advances. For example, large deep-learning networks
[Shazeerl7] require >16 GBytes of memory even if
aggressive data-reduction techniques are applied [Hanl6,
Courbariaux15, Rastegaril6]. These obstacles cannot be
overcome by isolated improvements in logic or memory
technologies alone. Current integration mechanisms for
memories and compute fabrics include the use of 2.5D
interposers and 3D integration using wafer bonding and
through-silicon vias (7SVs). Such TSVs have a pitch! on the
order of microns with 1 pm TSV diameter [Ramalingam16,
Huylenbroeck16, Kim16]. Aspect ratio of such TSVs, as well
as mechanical stress of both TSVs and integrated fabrics
(during fabrication as well as during system operation)
[Jungl4], limit drastic reduction of TSV dimensions.
Therefore, TSVs offer limited improvement to compute-to-
memory connectivity and overall system-level energy and
execution time. Denser 3D interconnects are needed to
support orders-of-magnitude energy and execution time
improvements for emerging abundant-data workloads. For
example, instead of integrating separately-manufactured
integrated circuits (I/Cs), monolithic 3D integration
[Wong07, Batudel5, Shulaker17] enables multiple layers of
transistors (also referred to as active layers) and memory cells
to be deposited sequentially—vertically on top of one
another—and connected by short high-density interlayer vias
(ILVs). Such ILVs are already used for connecting wires in
today’s conventional ICs.
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The main goal of our N3XT? approach is to overcome
the limitations of current computing systems and
substantially improve energy and execution time. N3XT
tightly integrates compute and memory components with
fine-grained and dense connectivity to create new
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Figure 1. Envisioned N3XT architecture with fine-grained (monolithic) 3D
integration of circuits on different tiers: (a) non-volatile (3D) RRAM with
memory-access circuits using CNFETSs (details in Figure 4) and a cross-
sectional transmission electron micrograph (7EM) of a 3D RRAM cell
[Lil6]; (b) memory controllers designed using CNFETs (details in Figure 3);
(c) compute-to-memory interconnect for massive concurrent accesses to
memory designed using CNFETs (details in Figure 5); (d) non-volatile
STTRAM with memory-access circuits using CNFETs (details in Figure 4)
and a TEM of an STTRAM cell [Ohashil7]; (e) compute units located on
the bottom tier (CNFETSs or SiFETSs can be used to implement these compute
units), scanning-electron microscopy (SEM) of a CNFET [Shulakerl4a],
TEM of a Si-nanosheet [Loubet17] and Si FinFET [Hal7]; and (f) structure
of different tiers highlighting transistors, memory cells, and back-end-of-line
metal interconnects. Demonstrated N3XT hardware prototypes are
illustrated in Figure 9 (Section III).

architectures (outlined in Figure 1).

technologies feature:

e Energy-efficient logic
temperature (<300°C).

e Low-latency and high-density non-volatile memory
technologies fabricated at low temperature (<300°C).3

e Fine-grained and ultra-dense interconnects between logic
circuits and memory units.

N3XT architectures leverage these component
technology features to enable concurrent accesses to high-
capacity non-volatile on-chip memory as well as energy-
efficient and high-speed logic circuits for implementing
compute units and memory-access circuitry. As a result,
N3XT improves system-level energy-delay-product, defined
as the product of application energy consumption and

The component

devices fabricated at low

2 Nano-Engineered Computing Systems Technology, pronounced as “next”
3 All of the fabrication steps for resistive RAM (targeted non-volatile memory
in this paper) can be performed at <300°C. At the end of the fabrication

execution time, significantly (in the range of 1,000x) over
current baseline systems. N3XT architectures can employ
advanced thermal management solutions, but such thermal
solutions are not required for the specific implementations
analyzed in this paper. These thermal solutions will likely be
critical when multiple compute tiers are interleaved with
memory [Aly15] (beyond the scope of this paper).

While N3XT can accommodate a variety of technology
options, we focus on the following device and integration
technologies that satisfy our requirements previously
mentioned:

o Carbon nanotube Field-Effect Transistors (CNFETs) for
low-energy and high-speed logic circuits.

o Metal-oxide resistive RAM (RRAM) and spin-torque
transfer RAM (STT-MRAM or STTRAM, one of several
known magnetoresistive RAM technologies) for low-
latency and high-density non-volatile memories.

e Monolithic 3D integration of logic and memory layers.

The N3XT approach has been demonstrated in several
hardware prototypes [Shulaker14b, Shulaker17, Wul8]. The
processing and design steps used to create such
implementations of N3XT are compatible with those of
existing silicon-based ICs. Furthermore, N3XT can adopt
various other nanotechnology and integration options,
explored later in this paper.

The remaining part of the paper is structured as follows.
We review the N3XT architecture [Alyl5] in Section II,
then highlight key technology enablers and recent
experimental demonstrations in Section III. Section IV
describes our exploration framework that leverages
experimentally-calibrated device models to analyze the
application-level runtime and energy consumption of N3XT
architectures. Sections V and VI report our simulation results
(using our exploration framework described in Section IV)
for CPU-based and domain-specific accelerator-based N3XT
systems, respectively, and quantify the benefits of N3XT
compared to corresponding baseline architectures. In
Section VII we quantify how various characteristics (e.g.,
energy, speed, density) of possibly hypothetical logic,
memory and integration technologies affect the energy
efficiency benefits of N3XT. In Section VIII, we identify a
deficiency with limited endurance of RRAM and address it.
Key insights, system-level considerations, and conclusions
are presented in Section IX.

II. THE N3XT ARCHITECTURE

Figure 1 illustrates vertically-integrated tiers, each
consisting of an active circuit layer (a layer with transistors)
or memory cells, and a number of metal layers connecting the
components of the active layer (i.e., back-end-of-line metal
layers, Figure 1f) that cumulatively form the N3XT

process, a final anneal step (also used for conventional IC fabrication) is
performed at ~420°C anneal.
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architecture [Alyl5]. The tiers can be fabricated using the
same methodologies applied to build the hardware prototypes
discussed later in Section III. Individual tiers are designated
as follows:

e compute tiers,

Memory subsystem
Memory segments Memory-access channel

Vertical ILV-based connections
",,,A(ddressChanneI Read/ Write Read !

20 bits select write data data !
enable 512 bits 512 bits !

Figure 2. Memory subsystem architecture. A single memory controller
(Figure 3) provides concurrent accesses to multiple memory segments
(Figure 4a), through a dedicated memory-access channel to each segment. A
memory-access channel comprises the address, read- and write-data
connections. These connections are annotated with sample bitwidths, but
N3XT can support different (e.g., wider) bitwidths. Multiple memory
controllers constitute the memory-controller tier (Figure 1b)

o memory tiers (Figures 1a, 1b and 1d) with memory cells,
memory controllers and memory access circuits,

e compute-to-memory interconnect tiers (Figure 1c), and

e cooling tiers.

Tiers are linked using nanoscale ILVs, e.g., conventional
vias used for connecting metal layers in today’s ICs [Jan15].
The high density of ILVs is essential to achieving the massive
benefits in application energy and execution time (shown
later in Sections V and VI). In particular, at the 14 nm and 7
nm technology nodes, ILV pitches are 80 nm and 40 nm,
respectively [Janl5, Wul6], whereas TSV pitch is on the
order of 3-5 pum [Huylenbroeckl6, Kim16]. Thus, ILVs
provide substantially higher number of connections per unit
area (vs. TSVs), supporting wider and many more concurrent
accesses to memory—this advantage is preserved even under
the assumption that both densities scale at the same rate.

A compute tier supports CPU cores, GPUs, domain-specific
accelerators, and combinations thereof [Hennessy12]. In this
paper, we generally assume digital logic with local SRAM
blocks, but analog circuit blocks can be integrated as well. To
support significant heat dissipation [Rusul0], compute tiers
abut cooling tiers. For simplicity, we assume a single
compute tier located at the bottom closest to the heat sink.

Each memory tier in the memory subsystem (Figure 2) can

be one of the following:

® a memory-controller tier,

® a memory-access-circuits (sense amplifiers, selector,
address decoders, etc.) tier,

®  a memory-cells tier.

A memory-controller tier typically contains multiple
memory controllers, each providing concurrent accesses to
multiple memory segments through multiple channels
(Figure 2). Each channel provides wide data access to a

memory segment, as illustrated in Figures 2 and 3. A memory

controller in our N3XT architecture consists of:

e an address queue to buffer incoming memory-access
requests,

e awrite-data queue to temporarily store incoming data,

e a set of read-data registers, one per memory-access
channel,

! ’ Memory controller
Address ports Channel Write-data ports Read-data ports
'(one per channel) select (one per channel) (one per channel)

512 bits 5

{20 bits 512 bits

Lt tpnt tms b |
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! decoder Write- " registers |
! 4 bits data = 1
E [ Address [] queue i Write- Read .
; 0 queue [ 512 bits verify multiplexer i
! 1 24 bits
E Add'ress Read/ Write-data  Read-data |
| port Write enable  port port ,:

Figure 3. Memory controller architecture in N3XT. Memory-controller tier
(Figure 1b) consists of multiple controllers. Shown are the microarchitecture
components of a memory controller, while input and output ports are
annotated with sample bitwidths.

e Jogic blocks—channel decoder and read multiplexer—
for data or address routing, and

e a write-verify module [Sheu09], where written data is
immediately read and compared with data stored in the
write-data queue to ensure successful operation. This
module is required to overcome inherent limitations of
the memory devices such as RRAM, discussed later
(Section III).

Individual queue sizes and number of memory-access
channels in a memory controller are configured to increase
memory-access throughput. The memory controller services
memory-access requests in-order using first-come-first-serve
scheme. It buffers the address of each memory-access request
in the address queue and routes each request to an access
channel (corresponds to the least significant address bits).
Incoming data is buffered into the write-data queue, while
data read through each channel is stored in dedicated access
registers inside the memory controller. The memory
controller may also include an error-correction module.

Non-volatile memories do not require refresh operations,
unlike DRAM. Therefore, memory controllers in N3XT are
simpler than conventional DRAM controllers.

A memory segment (Figure 4a) consists of multiple
memory arrays that are connected via H-tree interconnect
[Leiserson80]. The memory-access circuits of the memory
segments and arrays—address and row decoders, read and
write column multiplexers, sense amplifiers, and cell
selectors (Figure 4)—are located directly below the cells of
each array near a corresponding memory-controller tier, as
illustrated in Figure 1. While many other interconnect
schemes can be used to connect arrays of memories, H-trees
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are particularly effective for achieving low latency and low
dynamic energy [Dong12].

Compute-to-memory interconnect tiers support for
uniform memory access (UMA), so that each compute unit
has the same access latency to each memory location.
Compared to non-uniform memory access (NUMA), UMA
requires additional multiplexing, but can significantly
simplify task and data mapping for computing systems
[Bolosky89]. N3XT amortizes multiplexing cost through

Non-volatile memory (RRAM and STTRAM)
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Figure 4. Architectures of the non-volatile memory cell and memory-access-
circuits tiers in N3XT (Figures la and 1d); (a) a memory segment containing
a number of subarrays (illustrated with 16 arrays, but a segment supports a
larger number of subarrays) that are connected with H-trees interconnect; (b)
a memory array organization highlighting the memory-access circuits (i.e.,
sense amplifiers, row decoders, column muxes, and write circuits); (c) 3D
RRAM cell (more details in Figure 7c) and; (d) STTRAM cell. Options (c)
and (d) are mutually exclusive. N3XT allows other memory devices, given
that they are thin and can be fabricated at low temperature.

improved connectivity and shorter distance to memory.
However, N3XT can also accommodate NUMA schemes
(future work). Many interconnect schemes may be used (e.g.,
butterfly, fat tree, ring, crossbar, etc.)—in this paper, we use
the meshes-of-trees (MoTs) interconnect scheme (Figure 5)
as it provides lower access latency and energy, as well as
higher bandwidth to memory compared to other schemes
[Leighton81, Balkan09]. The MoT interconnect scheme is
defined by a set of router and arbiter modules (Figure 5).
Each compute element is linked to a separate binary tree of
router modules, with one leaf per memory controller.
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Figure 5. Architecture of compute-to-memory interconnect tiers in N3XT
(Figure Ic); (a) an arbiter module that serves as a component of an
aggregation tree for each memory controller; (b) a meshes-of-tree
interconnect example that links four compute units with four memory
controllers (the interconnect can support a larger number of compute units
and memory controllers); (c) a router module as a component of a routing
tree for each compute element.

The tree routes each memory access to an appropriate
leaf. Memory requests are then multiplexed to the targeted
memory controller through another binary tree of arbiter
modules, with one tree per memory controller.
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Cooling tiers may include advanced cooling solutions such
as phase-change materials [Fuensantal3] and 2D materials
[Pop12] that laterally spread the heat to the edge of the chip,
alleviate thermal hotspots and decrease the overall operating
temperature. Such advanced cooling solutions are not
necessary in this paper thanks to the simplifying assumptions
made above—all compute eclements are in one tier
(bottommost, see Figure 1e) closest to the heat sink.

I1I1. N3XT TECHNOLOGY FOUNDATIONS

Our N3XT architecture is enabled by device
technologies that can be integrated using monolithic 3D
integration through low-temperature fabrication. In
particular, we focus on (i) carbon nanotube FETs for logic
and (if) STTRAM and RRAM for memory. Various hardware
prototypes have demonstrated monolithic 3D integration of
both CNFET and RRAM, even on a SiFET bottom tier (e.g.,
[Shulaker17, Wul8]). N3XT is independent of these specific
device technologies, since it can also use other logic and
memory devices fabricated at low temperature, as well as
other possible integration technologies for ultra-dense
vertical connectivity. Examples of such devices and
integration include FETs using 2D materials such as MoS:
[Wachter17], monolithic 3D with thin-film devices
[Naito10], die-to-wafer bonding [Pall8], CBRAM
[Wongl5], and CoolCube™ [Batudel5]—although these
alternative technologies would offer different energy and
execution time benefits (e.g., [Leel6] for FETs using 2D
materials).

(agiCNT:

ameter

“ sub-
d lithographic
CNT pitch

B data fetch arithmetic logic unit [ write-back (§instruction fetch

Figure 6. (a) CNT; (b) CNFET; (c) Scanning electron microscope (SEM)
image of multiple CNTs comprising the CNFET channel [Shulaker14a]; (d)
experimentally measured CNFET drain current (Ip) vs. drain-to-source
voltage (Vps), including overlaid output from a SPICE-compatible CNFET
compact model [Leel5a, Leel7] for design and analysis of VLSI CNFET
circuits [Hills17]. (e) SEM of a microprocessor built entirely using CNFETs
[Shulaker13a], which is one instance of many CNFET microprocessors
fabricated across the entire wafer, experimentally demonstrating the
feasibility to build large-scale CNFET-based systems. Other recent
demonstrations include high-speed CNFET-based ring oscillators [Han17]
and a hardware accelerator built entirely using CNFETSs [Hills18b].

Energy-efficient carbon nanotube FETs (CNFETs, Figure
6) use multiple (parallel) carbon nanotubes (CNTs) for

transistor channel. CNTs are hollow cylindrical structures of
carbon atoms 1-2 nm in diameter with remarkable
mechanical, thermal, and electrical properties that enable
simultaneously high carrier mobility and good electrostatic
control in CNFETs [Appenzeller08]. CNFETs improve the
Energy-Delay Product (EDP) by an order of magnitude
versus silicon FETs, when analyzed on a full processor scale
[Hills18a] using experimentally-calibrated models [Leel5a,
Leel5b]. Recent publications demonstrated CNFETs with 5
nm gate lengths [Qiul7], high-performance and
complementary CNFETs with high CNT densities (10° on/off
current ratio with >100 CNTs/um and improved EDP versus
silicon FETs [Shulakerl4a, Qiul7, Yangl7, Laul8]),
techniques to reduce hysteresis [Parkl7], and negative
capacitance CNFETs with 55 mV/decade subthreshold swing
at 300 K [Srimanil8].

In the past, demonstrations of digital systems built with
CNFETs were plagued by substantial imperfections and
variations inherent in CNTs, such as mis-positioned CNTs,
metallic CNTs, and inter-CNT spacing variations. The
imperfection-immune  paradigm (1IP) [Zhangl2,
Shulaker15a, Hills17] wuniquely combines advanced
nanofabrication with new circuit design to overcome these
obstacles, while retaining >90% of the significant CNFET
EDP benefits; all design and fabrication is wafer-scale and
VLSI-compatible. IIP  enabled the experimental
demonstrations of CNFET-based nanosystems, such as the
CNT computer, 3D nanosystem, high-performance CNFET
and others [Shulakerl3a, Shulaker13b, Shulakerl14b,
Shulaker14c, Shulaker17, Han17, Wul8, Hills18b]. CNFETSs
can be fabricated at low temperature (<300°C) [Patil09,
Wei09, Weil3], with processing steps that are scalable to
arbitrary contact-to-gate pitch and sub 5-nm inter-CNT
spacing [Shulaker15a]. This enables monolithic 3D
integration of CNFET logic circuits (discussed later).

On-chip non-volatile memories include Spin-Transfer
Torque magnetic RAM (STTRAM or STT-MRAM) and
Metal-oxide resistive RAM (RRAM)—they offer tradeoffs in
terms of latency, energy, density, retention and endurance
when designing the memory hierarchy [Wongl5]. Both
STTRAM and RRAM can be fabricated at low temperature
(<300°C, see footnote 3) [Wongl5]; thus, they are suitable
for monolithic 3D integration.

A magnetic tunnel junction (M7YJ) is the key element of
an STTRAM cell (and other magnetoresistive-memory cells).
Each MT] is connected to an access transistor in a IT-1MTJ
structure illustrated in Figure 7a. while STTRAM has a
slower write latency and higher energy versus SRAM, it may
have read latency and energy comparable to SRAM.
Furthermore, STTRAM is denser than SRAM (e.g., 0.0364
um? STTRAM cell size at 28 nm technology node versus
0.102 pm? and 0.0499 um? SRAM cell size at 28 nm and 14
nm technology nodes, respectively [Songl6, Planesl2,
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Jan15]). These advantages, in addition to its nonvolatility,
make STTRAM promising for last-level cache memories.

Recent STTRAM demonstrations show up to 4 Gbits
[Rhol7], <2 ns read latency and <10 ns write latency
[Chungl6, Noguchil5, Saidal6]), <1.2 V write voltage
[Chung16, Noguchil5], <40 pA write current [Noguchil5],
and 10'-cycle endurance [Chungl0]. STTRAM faces low
data-retention and read-disturbance challenges [Naeimil3,
Lil0] that are aggravated with small dimensions. These
challenges can be addressed through a combination of
device- and architecture-level techniques with small
overheads—e.g., the MTJ design can be tuned to increase
retention time, and error correction codes (ECC) can
overcome potential read-disturbance errors [Naeimil3].

An RRAM cell may be designed using a metal-insulator-
metal stack [Wongl2], where data stored is detected via a
change in resistance. To store data in an RRAM cell, a set
operation stores ‘1’ in a cell by setting the RRAM to a low-
resistance state (on resistance), whereas a reset operation
stores ‘0’ by setting the RRAM to a high-resistance state (off’
resistance). An RRAM cell structure may include an access
transistor (1T-1R structure in Figure 7b), among other cell
structures. RRAM can offer gigabits of energy-efficient, low-
latency, high-bandwidth, and non-volatile high-density on-
chip data storage. RRAM can have 6-F? (and potentially 4-
F?)* cell size® [Fackenthal14, Wong12] and naturally enables
bit-cost-scalable vertical 3D RRAM [Lil6, Yul6, Loul7]
(Figure 7c), where a single transistor controls access to
multiple vertically-placed RRAM cells. 3D RRAM brings
greater storage density versus conventional I TIR RRAM—
up to 11x projected density increase [ Yul3] with down to 12-
F? 3D RRAM cell size [Jiang18].

* F is the feature length—half the contact-to-gate pitch in this paper.

(a) 1T-1MTJ STTRAM
top electrode

bitline

sourceline

magnetic tunnel __.--~,
junction (MTJ)
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(b) 1T-1R RRAM
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metal oxide-- Ga \NN\
bottom electrode-- s N0 NSO
~ ~ -
2] ~ ., bitline
2 Sy,
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]
\
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‘[
]
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connections

Figure 7. Examples of non-volatile memories for N3XT; (a) an STTRAM
cell with a cross-sectional transmission electron micrograph (TEM) of an
STTRAM MT]J [Ohashil7] on the left and 1T-1MTJ STTRAM cell structure
on the right (highlighting bitline, sourceline and wordline connections to the
access transistor); (b) a conventional RRAM cell with a TEM of an RRAM
cell integrated above Si CMOS [Provinel4] and 1T-1R RRAM cell structure
(bitline, sourceline and wordline connections to the access transistor are
illustrated); and (c) bit-cost scalable 3D RRAM with a cross-section TEM of
multiple vertical RRAM (VRRAM) cells that share a wordline [Yul3] and
3D RRAM structure highlighting bitlines, wordlines and wordplane
connections (used to select the vertical plane where read/write to
corresponding RRAM cells occur) to the access transistors [Chen12].

RRAM demonstrations show up to 16 Gbits
[Fackenthall4], <2 V write voltage, 10-100 on-to-off
resistances ratio, <50 pA write current, 3.6ns read latency (at
the RRAM array level) and ~10 ns write latency with a ten-
year retention [Changl2, Hol6, Kimll, Kawaharal3a,
Kim11]. An RRAM cell can store a single bit or multiple bits
[Sheull, Changl5], where recent demonstrations show
multiple 4-kbit RRAM arrays with three bits per RRAM cell
[Lel18]. 3D RRAM cells have uniform access latency and
energy across vertically-stacked cells [Li16, Yul6].

However, RRAM has limited endurance (number of set-
reset cycles before a permanent cell failure
[Chen12b])—while the endurance of 10'? write cycles has
been demonstrated at the cell level [Kim11], but only 103-107
cycles at the array level [Calderonil4, Grossil6, Chenl7].
The use of RRAM as on-chip memory means that system-
level resiliency mechanisms are crucial to overcome this
limitation (Section VIII).

% 6-F? cell size is enabled by small-width transistor designs with 2F pitch
(vs. >3F pitch of standard-logic transistors).
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low-temperature CNT
transfer (< 250° C)

scalable metallic
CNT removal (SMR)

inter-layer vias &
interconnects

passivation:
inter-layer dielectric |

imperfection
immune circuit

Figure 8. Example monolithic 3D fabrication flowchart [Wei09, Weil3]
leveraging scalable metallic CNT removal [Shulakerl5a] to create multiple
layers of imperfection-immune CNFETs circuits [Zhangl2]; additional
technologies for both logic and memory can also be incorporated.

Fine-grained monolithic 3D integration can be achieved by
sequentially placing multiple logic and memory tiers on top
of each other and connecting these tiers using nanoscale ILVs
(Section II). Conventional silicon transistors cannot be placed
in upper tiers in monolithic 3D integration, as they require
>1000°C fabrication temperature (e.g., for dopant activation
annealing), which can severely damage fabricated circuits
and metal interconnects on lower layers [Wong07]. CNFETs,
STTRAM and RRAM naturally enable monolithic 3D
integration, since they can be fabricated at <300°C and the
devices have atomic-scale thickness [Patil09, Wong12]. The
key in achieving this low-temperature fabrication,
particularly for CNFETs, is a wafer-scale layer transfer
process that decouples high-temperature CNT growth from
the fabricated monolithic 3D layers [Shulakerl4a]. Figure 8
illustrates this process, which allows the fabrication of
monolithic 3D nanosystems that interleave logic and memory
tiers in arbitrary order.

Fabricated hardware prototypes of large-scale
nanosystems and their components, demonstrating the
feasibility of N3XT, include:

e a four-layer 3D nanosystem [Shulakerl7] (Figure 9a)
that demonstrates computation immersed in memory by
integrating more than two million CNFETSs with 1-Mbit
RRAM and more than one million silicon FETs
(SiFETs)—CNFET-based sensors are placed on the top
tier, where captured data are stored in RRAM and then
processed on an on-chip hardware accelerator designed
using CNFETs, and

e a brain-inspired monolithic 3D nanosystem [Wul§]
exploiting CNFETs and RRAM to perform cognitive
tasks such as language recognition (Figure 9d).

> 2 million CNFETs
fom- .- 1 Mbit RRAM
_- CNFET logic

ultra-dense &
- fine-grained
ILVs (no TSV)

Ll it
bottom: 224 RRAM

*~bottom: RRAM

Figure 9. Experimental demonstrations of monolithic 3D ICs: (a) a
monolithic 3D nanosystem [Shulakerl17] that demonstrates computation
immersed in memory by integrating more than one million CNFET-based
sensors, on-chip 1 Mbit RRAM (b), and an on-chip CNFET-based hardware
accelerator (c) to analyze data captured from the sensors and produce “highly
processed” information; (d) a brain-inspired monolithic 3D nanosystem
integrating 1,952 CNFETs and 224 RRAM cells, capable of performing
cognitive tasks such as language recognition [Wul8].

IV. ARCHITECTURE EVALUATION METHODOLOGY

We have customized design and simulation tools from
device to architecture levels and assembled them into an
exploration framework (Figure 10). Using this framework
with  experimentally-calibrated device, circuit and
architecture models, we quantify application-level execution
time and energy consumption of various architectures
(including N3XT) for workloads with large datasets. The
framework can analyze general-purpose processors and
domain-specific accelerators for a range of logic, memory
and integration technology options.

Circuit modeling using CNFETSs is performed using a
custom-made CNFET process-design kit (PDK) compatible
with standard synthesis and place-and-route tools, while
accounting for variations in CNT density or CNT diameter
[Zhangl12, Hills15]. We start with a SPICE-compatible
virtual-source  CNFET model [Leel5] that has been
calibrated with experimental data with gate lengths down to
9 nm. This model also accounts for many non-idealities such
as direct source-to-drain tunneling leakage current, parasitic
capacitance, and parasitic CNT-metal contact resistance. The
variation-aware nanosystem design kit (NDK) [Hills17]
generates CNFET PDKs by extracting the standard-cell
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Figure 10. Our framework for evaluating the N3XT architecture.

layouts from an SiFET PDK and using the CNFET model to
replace each SiFET in the layouts with a CNFET of the same
gate pitch and width to maintain the same footprint. Parasitic
resistances and capacitances for logic gates and interconnects
are then extracted using a commercial 3D field solver
(Mentor Graphics Calibre XxACT 3D [Calibrel0]) and
combined with the model and layouts to characterize power
and timing (using Cadence Spectre and Cadence Liberate
[Spectrel7, Liberate17]). In this paper, we use a 28 nm node
foundry SiFET PDK to generate the corresponding CNFET
PDK, but we have examined other nodes all the way to sub-
10 nm [Hills18a]. To model general-purpose processors, we
synthesize processor cores in the publicly-available
OpenSPARC T2 system on chip [SPARCI15] and perform
physical design. To model domain-specific deep learning
accelerators, we synthesized and performed the physical
design of a 2D mesh of 4,096 16-bit multiply-and-accumulate
units, [Gaol7, Chenl6].

Implementing each category—general-purpose
processor cores or domain-specific accelerators—using
CNFETs leads to 3x faster clock speed and 3x less energy,
simultaneously, compared to the corresponding SiFET-based
implementation across several technology nodes.

Modeling the STTRAM and RRAM access latencies and
energies at the memory-array level starts by extracting the
following cell-level parameters from experimental data
reported in the literature: on- and off-resistances, read/write
currents and voltages, cell area and write latency [Lil6,
Noguchil5]. A CNFET is used as a selecting device, and its
corresponding dimensions that satisfy read/write currents of
either RRAM or STTRAM are identified via SPICE
simulations of a single memory cell (Figure 4c illustrates 3D
RRAM, and Figure 4d illustrates 1T-1IMTJ STTRAM).
Digital blocks for memory-access circuits (including address,
row, and column decoders, as shown in Figure 4), are
designed using the CNFET PDK discussed earlier in this

section. The analog components (including column
multiplexers, sense amplifiers, pulse generators, write drivers
and word-line drivers) are simulated in SPICE, using the
SPICE-compatible CNFET model [Leel5], while accounting
for the bitline (wordplane connections as well, for 3D
RRAM) capacitive and resistive load. The resistances and
capacitances of bitline (and wordplane connections for 3D
RRAM) are based on metallic-interconnect material
parameters supplied with a foundry PDK. We consider sense
amplifiers with a current sensing scheme akin to
demonstrated RRAM and STTRAM prototypes [Sheu09,
Kim15, Changl2, Changl3].

During read operation, bitlines (wordplane connections
for 3D RRAM) are precharged to 0.5V [Changl2,
Noguchil5] and the sense amplifier compares read currents
with a reference value selected to distinguish a stored zero
versus one. The reference current is determined by
incorporating read-current distributions for both on- and off-
resistances, accounting for cell-to-cell variations reported in
the literature [Lil5, Lil6]. During write operation, bitlines
(wordplane connections for 3D RRAM) are charged to the
write voltage, e.g., 1.2 V for RRAM [Lil6] or 0.9 V for
STTRAM [Noguchil5]. A write-verify scheme immediately
reads and compares the stored data with the actual data to
ensure a successful write operation [Sheull].

Multiple memory arrays placed in the same tier are
linked using an H-tree layout of a binary-tree interconnect
[Leiserson80] to form a memory segment, as shown in Figure
4a. We use NVSim [Dongl2] to estimate access latency and
energy for a given memory segment and reduce its access
latency and energy by tuning the number and size of memory
arrays. Multiple memory segments are connected to a
memory controller to handle memory accesses. The memory
controller (Figure 3) is designed using the CNFET PDK
discussed earlier in Section IV. A memory controller supports
multiple channels, each corresponding to a memory segment.
The number of memory segments is selected to increase
concurrency and allow for one memory access per clock
cycle per memory controller (in N3XT, memory controllers
and compute units operate at the same frequency, as
discussed in Sections V, VI and Appendix B).

Interconnect modeling with monolithic 3D integration is
performed using our own monolithic 3D physical design
methodology that leverages commercial physical design tools
for conventional ICs (that are not monolithic 3D). Starting
from an RTL description of digital logic circuits in Figures
b, 1c and le, we synthesize a gate-level netlist (e.g., using
CNFET PDK), while memory segments (Figures la and 1d)
are represented as black boxes during floorplanning and
place-and-route. The netlist is then manually partitioned into
multiple tiers—compute, memory and compute-to-memory
interconnect tiers—based on the selected architecture (Figure
1). Each tier undergoes separate timing-driven place-and-
route using the Synopsys IC Compiler™ [Synopsysl7],
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accounting for the load capacitances and drive resistances of
ILVs that connect inputs and outputs of individual tiers.®
Afterwards, we perform timing and power analysis on the
entire design represented by a merged netlist.

The approach described above can incorporate other
technology PDKs for monolithic 3D designs in addition to
CNFETs. The use of existing commercial physical design
tools allows us to perform further analysis to account for
process corners, voltage noise, signal integrity, and IR
voltage drops across wires in the power grid. In this paper
we manually partition the architecture across multiple tiers.
Automated partitioning can be leveraged to explore different
architecture configurations [Panth14].

Architectural simulation with ZSim [Sanchez13] quantifies
the application-level execution time and energy consumption
of N3XT and competing architectures with general-purpose
processors. To model domain-specific accelerators, we
combine ZSim with TETRIS [Gaol7], an application-level
trace-generation framework. We configure each architecture
for simulations by specifying the following parameters:

e number of compute units as well as their type (general-
purpose or accelerator cores), operating frequency,
active, and idle energy,

e capacity, access latency and energy of local (one per
compute unit) and shared (among all compute units)
memories such as caches and scratchpad memories (see
Figures 11 and 13),

e compute-to-memory interconnect latency and energy per
access (to account for UMA), and

e capacity, access latency and energy of main memory
(last-level of the random-access-memory hierarchy, e.g.,
DRAM in current baseline computing architectures and
3D RRAM in N3XT), number of access channels to
memory, and bandwidth per channel.

Examples of such configurations can be found in
Sections V and VI, as well as Appendices B and E. Simulated
workloads use standard compiler and software frameworks,
such as gcc and TensorFlow [Abadil6]. The latency
and energy models of the architecture components are
derived from the circuit-, memory- and interconnect-
modeling methodologies previously discussed in this section.
For architectures with DRAM, we model a DDR interface,
where timing and energy information (supply voltage,
standby, read and write currents, row-access delay, column-
activation delay, refresh time) are obtained from fabricated
chip datasheets [DDR17] to estimate DRAM access latency,
energy and bandwidth. In N3XT, memory-access requests
are buffered into the address queue of a corresponding
memory controller (alongside buffering incoming data into

®Each ILV is assigned a drive resistance (i.e., output resistance of the driving
gate plus the ILV resistance) and a load capacitance (i.e., input capacitance
of the driven gate and the ILV parasitic capacitance).

the write-data queue). These requests are then serviced in-

order with a first-come-first-serve (FCFS) scheme (Figure 3),

where we use a queue model to simulate such requests in

N3XT. For a given application, simulation produces the

following outputs:

e number of operations executed per compute unit,

e number of cycles consumed in memory accesses,

e number of memory accesses (read and write) to local
global, and main memory (Figures 11 and 13),

e energy consumed in each compute unit when executing
instructions and also when idle (due to memory access),

e cnergy consumed in local, global, and main memories,

e execution time and the corresponding breakdown into
compute and memory-access times, and

e number of reads and writes to each memory word in
main memory.

We assess simulation accuracy by comparing the outputs
of our framework against measurements of actual general-
purpose hardware via Intel performance-counter monitor
[PCM17]. These measurements include:

e number of executed instructions and instructions-per-
cycle for each processor core,

cache miss rates,

number of reads and writes to DRAM,

application execution time,

total processor energy consumption, and

total DRAM energy consumption.

We have benchmarked our simulation outputs, when
running the workloads described later in Section V, against
measurements of a state-of-the-art 16-core-processor single-
chip architecture with 40-MByte cache (at 22 nm technology
node) connected to a 128-GByte DRAM with DDR4
interface. The processor operating frequency and cache
latencies are obtained from datasheets [Intel15]. To estimate
the energy at 22nm for baseline machines, we have used the
measured energy-per-instruction (EPI) of the same hardware
reported in [Shaol3]. Simulation results show an error within
15% (i.e., 85% simulation accuracy) for the total execution
time, compute energy, and memory energy consumptions,
when compared with measured values.’

Thermal simulation uses 3D-ICE [Sridhar14] to estimate
operating temperatures for N3XT and other architecture
configurations. 3D-ICE can model heat dissipation in 2D and
3D ICs. 3D-ICE has been validated against actual thermal
measurements of an existing IC and a 3D stacked prototype
with 93.2% and 90% simulation accuracy, respectively
[Tranfarl7, Sridharl4]. Thermal conductivity and specific
heat capacitance of active and metal layers are needed for 3D-
ICE. We account for the impact of ILV locations on thermal
conductivity and capacitance in all tiers to increase the

"Our current simulation only counts the number of operations. Data-sensitive
simulation can be more accurate because e.g., arithmetic operations with
zero values consume less energy than with non-zero values.



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) <

10

thermal-simulation accuracy of N3XT [Weil2]. First,
effective anisotropic thermal conductivities are extracted for
the transistor layers and metal layers based on the area
coverage of the transistors and interconnect density and
direction [Weil2]. Then, these thermal conductivities are
used within 3D-ICE to model the monolithic 3D chip for
thermal simulation—we summarize these conductivities in
Appendix D. To estimate peak and average temperatures of
each component and the entire architecture, a floorplan of
each tier is obtained, annotated with block power
consumption, and thermal simulation is performed using the
extracted effective anisotropic thermal conductivities.

V. EVALUATING CPU-BASED SYSTEMS

We compare N3XT with a 2D baseline system where a
compute chip—containing processor units and SRAM-based
caches (local L1 cache and shared L2 cache)—is connected
to off-chip DRAM main memory via a DDR interface.

Architectures with 2 to 64 cores are examined for N3XT
and 2D baseline, to represent mobile to server computing
platforms. We select the capacities of shared caches (1
MByte per core) and main memories (1 GByte per core)
according to current architecture trends (see Appendix A). In
addition, we consider an architecture with 64 cores, 64-
MByte cache and main memory of 128 GBytes for workloads
with very large datasets (details below). Figure 11 illustrates
the 64-core configuration with 64-MByte shared cache and
64-GByte memory, while Table 1 summarizes the latency
and energy of each architecture component. For other
architecture and modeling considerations, see Appendix B.

(a) 2D baseline ,-Main memory: 64 GByte off-chip DRAM

Silicon-based memory controllers:
o DDR4 interface

000 ---- Shared cache: 64 MByte silicon SRAM
64 silicon-based in-order processor cores
----- with local 32 KByte L1 silicon SRAM instruction cache
and 32 KByte L1 data silicon SRAM data cache per core

(b) N3XT

Main memory: 64 GByte on-chip 3D RRAM
/'with CNFET memory-access circuits (Figure 4)
',CNFET-based memory controllers (Figure 3)

" CNFET-based compute-to-memory
+~‘meshes-of-trees interconnect (Figure 5)

Shared cache: 64 MByte STTRAM
~“with CNFET memory-access circuits (Figure 4)

r
s

Le

. 64 CNFET-based in-order processor cores
“with local 32 KByte L1 CNFET SRAM instruction cache

l.
-
I.

-

i

E and 32 KByte L1 CNFET SRAM data cache per core
U

Itra-dense ILVs

Figure 11. Architecture configuration for (a) 2D baseline and (b) N3XT 64-
core CPU-based systems. Energy and latency for each module are reported
in Table 1. Other configurations are summarized in Appendix B.

Application workloads that we simulate are implemented
within application frameworks known for their high
performance on conventional (2D) systems:
Application 1: graph analytics,
workloads: PageRank, breadth-first
search, single-source shortest path,
and connected components,

framework: PowerGraph and Galois [Gonzalezl2,
Pingallil1, Satish14, Abergerl16].

Table 1. Configuration parameters of the analyzed 64-core CPU-based
systems (Figure 11) derived using our developed framework in Section IV
or obtained from hardware measurements (for the 2D baseline). Memory-
access latency and energy values shown are for the entire memory subsystem
(i.e., array and interconnects). Other configurations and additional modeling
considerations are summarized in Appendix B (FCFS: first-come-first-serve,
FR-FCES: first-ready FCFS).

2D baseline

N3XT

Main 64 GByte off-chip DRAM | 64 GByte on-chip 3D RRAM with

CNFET access circuits

memory 8 memory controllers, 1
64-bit channel per | 64 memory controllers (4GHz), 16
controller with DDR4 | 512-bits channels per controller
interface (1.2GHz), FR- | with simple interface, FCFS
FCFS scheduling scheduling,
65/60 ns read/write meshes-of-trees interconnect
45 pJ/bit read/write 5 ns read, 13 ns write

0.8/1.1 pJ/bit read/write
L2 shared | 64 MByte silicon SRAM 64 MByte STTRAM

(CNFET access circuits)
2/4 ns read/write
0.2/0.6 pJ/bit read/write

cache (8-way | 14 ns read/write
set 1 pJ/bit read/write
associative)

L1 local data
cache (8-way

32 KByte silicon SRAM
per processor core

32 KByte CNFET SRAM
per processor core

set 2.3 ns read/write 0.8 ns read/write
associative) 0.2 pJ/bit read/write 0.14 pJ/bit read/write
L1 local | 32 KByte silicon SRAM 32 KByte CNFET SRAM

instruction
cache (4-way

per processor core
1.5 ns read/write

per processor core
0.5 ns read/write

set 0.17 pJ/bit read/write 0.11 pJ/bit read/write
associative)
Processor 64 in-order processor | 64 in-order processor cores
cores cores 4 GHz clock speed

1.3 GHz clock speed 0.16 nJ/instruction

0.5 nJ/instruction

[Shaol3]
Technology 22 nm silicon CMOS 22 nm CNFET CMOS

Application 2: conventional machine learning,
workloads: linear regression (LinR),
logistic regression (LR), and support
vector machines (SVM),
framework: DimmWitted [Zhangl4] used for both
training and inference.

Application 3: deep learning,
workloads: VGGNet-19 [Simonyanl5] and
Inception-v4 [Szegedyl6] (convolutional neural
networks, CNNs) and Neural Programmer
[Neelakantan17] and Language Model
[Jozefowicz16] (long short-term memory, LSTM),
framework: Tensorflow [Abadil6] used for training
and inference of open-source implementations of the
examined workloads [Zoo17].

Common datasets that we use are summarized in Table 2
[Leskovecl4, Boldil4, HBP16, CCAFS16, Lichmanl3,
Webscopel7]—they span 1.2 to 110 GBytes of RAM when
loaded.

Simulation results include application-level runtime and
energy improvements, as well as their product (referred in the
remaining of this paper as system-level EDP benefits) of
N3XT compared to 2D baseline. We report in Table 3 such
benefits for the largest datasets in all considered workloads,
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which are observed for the 64-core configuration. N3XT
achieves a maximum of 1,152x system-level EDP benefits.

Table 3 also reports the mean of the top 50% of the EDP
benefits (sorted in descending order for each
workload/dataset combination) for each workload.

Table 2. Application workloads and the datasets used in simulations of
general-purpose processors. For each dataset, the corresponding properties
and memory requirements are shown (K = thousand, M= million, B =
billion). Memory usage is characterized with memusage UNIX command.

[Neelakantan17]
1Billion words news
dataset [SMT11]

Long short-
term memory L Model
LSTM anguage Mode .
( ) [ozefowicz16] 1.04 B weights

/10 GBytes inference, 40 GBytes

1Billion words news -
training

dataset [SMT11]

rkloa Models or dataset: Properties/Memor: a; .
Workloads odels or datasets operties/Memory usage Table 3. System-level EDP benefits of N3XT versus 2D baseline for the
Graph analytics largest datasets, as well as the mean of the top 50% EDP benefits (sorted in
descending order for each workload/dataset combination). Results for all
Google + 107 K vertices, 13 M edges/ 1.2 GBytes configurations are shown in Appendix C.
[Leskovec14]
o,
Patent [Leskovec14] 3.7 M vertices, 16.5 M edges/ 2 GBytes Benefits for largest Mean of top 50% of
datasets benefits
Pokec [Leskovecl4] 1.6 M vertices, 60.3 M edges/ 3 GBytes Workload
PageRank Run Energy | System | Run | Energy | System
Livelournal time -level | time -level
Breadth-first [Leskovec14] 4.9 M vertices, 69 M edges/ 4 GBytes EDP EDP
search
. Orkut [Leskovec14] 3 M vertices, 117 M edges/ 7 GBytes Graph analytics
Single source
shortest path
EU-ZOIS. hosts 11 M vertices, 387 M edges/ 19 GBytes PageRank 22x 39 858x 15x 26x 390
Connected [Boldil4]
components Shortest path
UK 2005 [Boldi14] | 39 M vertices, 936 M edges/ 44 GBytes P 24 48x LIS2x (18.7x) 35.6x [ 666x
IT 2004 [Boldi14] 41 M vertices, 1.15 B edges/ 54 GByte Connected 18x 36x 648x  116.2x]  31x 502x
components
Twitter [Boldil4] 41 M vertices, 1.6 B edges/ 75 GBytes
Breadth-first 10x 18x 180x 5% 8.4x 42x
Friendster . search
[Leskovec14] 66 M vertices, 1.8 B edges/ 110 GBytes
- - - Conventional machine learning
Conventional machine learning
Reuters RCV1 47 K features, 677 K samples/ 1.5 LinR 19x 32x 608x 9.1x | 18.2x 166x
[Lichman13] GBytes
. . LR 20x 31x 620x | 9.3x | 18.3x 170x
Lmea'r URIT Reputation 3 M features, 2.4 M samples/ 3.7 GBytes
regression [Lichman13]
(LinR) SVM 18x 37x 666x 8.8x 18x 158x
o HIGGS [Lichman13] 29 features, 11 M samples/ 7.4 GBytes
Logistic Deep learning
regression
(LR) Yahoo Webscope 136 K features, 1.8 M samples/ 14
[Webscopel7] GBytes CNNs 105 | 32x 336x | 7.4x | 18.6x | 138x
Support vector
machines 43 K features, 201 K samples/ 49
(SVM) Weather [CCAFS16] GBytes LSTM 17x 40x 680x |13.6x| 24x 326x
Human microbiome 1 M features, 25.2 M samples/ 56 The average system-level EDP benefits for N3XT are
project (HBP) [HBP16] GBytes 43x, 54x, 63x, 150x, 302x, and 540x for the 2-, 4-, 8-, 16-,
Deep learning 32-, and 64-core configurations, respectively (all results are
shown in Appendix C).
VGGNet19
[Simonyan15] 155 M weights /1.2 GBytes inference, 20 N3XT achieves those benefits while simultaneously
Convolutional ImageNet flower GBytes training . O R R
neural dataset [INet17] maintaining the same operating temperature of 2D baseline
networks (discussed later in this section). We observe these
(CNNs) Inception-V4 25 M weights /1 GByte inference, 16 improvements with generic implementations of the targeted
[Szegedy16] ImageNet L . .
flower dataset [[Net17] GBytes training workloads—optimizing the workloads for N3XT may yield
even greater benefits.
Neural Programmer 2 M weights 3 3
& /1 GByte inference, 16 GBytes training Workloads with greater main-memory access rates

(number of memory requests per unit time) leave room for



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) <

12

greater improvements. Figure 12 illustrates system-level
EDP benefits of all examined workloads and datasets with
respect to L2-cache misses per 1K instructions (MPKI, a ratio
between compute operations and memory accesses).
Intuitively, architectures with a greater number of compute
units exert higher memory-access rates (Figure 12b), and
hence enjoy greater benefits with N3XT.

a) 2-8 core system b) 16-64 core system

5 @ 1000x 1000x )
S &
25 e ®
Eo  100x 100x - YQ <
= 0
n

a
a0 6}&‘ oy g

10x 10x
1 10 100 1 10 100

Misses per 1K instructions Misses per 1K instructions

. Graph analytics <>Conventional machine learning .Deep learning

Figure 12. System-level EDP benefits in N3XT for all examined workloads
with respect to the observed misses per kilo instructions for (a) 2- to 8-core
and (b) 16- to 64-core system configurations. Workloads are grouped by
application—graph analytics, conventional machine learning and deep
learning.

Breakdown of runtime and energy consumption of both
2D baseline and N3XT systems for a selected set of
workloads is shown in Table 4 (see Appendix C for full
results). The workloads are selected to showcase the greatest
improvements in each class: (i) 2-, 4-, and 8-core
configurations (embedded and mobile platforms) and (if) 16-
, 32-, and 64-core configurations (server platforms). In
particular, we consider PageRank for graph analytics
(Pokec dataset for 4 cores and Twitter dataset for 64
cores), SVM for machine learning (training with URL dataset
for 4 cores and training with HBP dataset for 64 cores) and
LSTMs for deep learning (inference with Neural
Programmer for 2 cores and training with Language
Model for 64 cores).

The 2D baseline system is bottlenecked in memory.
Table 4 shows that a significant portion of both application
execution time (60-95%) and energy consumption (76-97%)
of 2D baseline systems are consumed in accessing DRAM
due to the following. First, high MPKI values imply an

increase in the access rate to off-chip DRAM, particularly
with 16 to 64 cores (Figure 12b). Second, designs with pin-
limited DRAM suffer lower memory-access rates. Improving
compute units in the 2D baseline configuration—e.g.,
running at higher frequency, using STTRAM-based L2 cache
memories, increasing the number of cores, or even using
CNFETs—does not overcome this limitation. A 2D baseline
system with STTRAM-based cache and CNFET-based
compute units experiences a maximum of 1.2x and 1.1x EDP
improvements, respectively, versus the configuration in
Figure 11a. N3XT overcomes this bottleneck, causing
compute operations to dominate execution time and energy,
through  the ultra-wide and  massively-concurrent
connectivity to memory provided by monolithic 3D.

3D TSV and 2.5D integration are evaluated using
architectures that include an SiFET-based compute tier
connected to DRAM representing high-bandwidth memory
(HBM) [HBM17, Ramalingam16] with:

e interposer-based 2.5D
microbump pitch, or

e 3D stacking with TSVs using a Sum pitch assuming no
constraints on TSVs placement.

integration with 40 pm

We summarize the configurations for such systems in
Appendix E. System-level EDP benefits reach 2.2x for 2.5D
and 6x for 3D TSV. Both integration techniques improve the
number of compute-to-memory connections by 4x for 2.5D
and 16x for 3D TSV, whereas N3XT improves such
connections by >1,000x compared to TSVs.

Thermal analysis of 2D baseline and N3XT shows that the
average power density is 61 W/cm? for 2D baseline and 65
W/cm? for N3XT. We summarize thermal simulation
parameters in Appendix D. In both architectures, processing
cores abut the heatsink. They lead to 61°C and 63°C peak
temperatures for 2D baseline and N3XT, respectively, while
retaining the benefits in Tables 3 and 4. The operating
temperature remains relatively low even with the high

Table 4. Breakdown of the total execution time and energy consumption for CPU-based 2D baseline and N3XT systems. Representations
of the examined three application domains are shown for the 2-, 4-, and 64-core architectures. inf=inference

Graph analytics
(PageRank)

Conventional machine learning
(SVM, training)

Deep learning
(LSTM)

4 cores (Pokec) 64 cores (Twitter)

r 22x

2D baseline

N3XT 6x 7.5x

4 cores (URL)

64 cores (HBP)

r 18x

2 cores (NP, inf.)

s

64 cores (LM, train)

r 17x

0% 50%
2D baseline
42.5%

57.5%

100% 0% 50%
N3XT 2D baseline N3XT
13.8% 4.9% 2.4%
2.63% 95.1% 2.1%

100% | 0% 50%

Execution
time

B Processor active
O Memory access

32.5%
67.5%

2D baseline  N3XT
10.5%
3.3%

100%; 0% 50%
2D baseline
4.5%
95.5%

100%
N3XT
2.3%
3.3%

0% 50%
2D baseline N3XT
22% 1%
78% 3.5%

100%; 0% 50%

2D baseline N3XT
7.3% 3.7%
92.7% 2.1%

100%

13.7%
62.3%

0.3%
1.6%

43.2%
48.2%

[ Processor idle
[ Memory access

0.2%
0.7%

20%
56%

0.9%
3.0%

43.5%
47.7%

0.7%
0.5%

23% 0.5%
57% 2%

5 2D baseline L B
> *é N3XT 10.8x 39x 9x ] 37x 11.5x 40x
=
q;:) a 0% 50% 100%:0% 50% 100% |0% 50% 100%:0% 50% 100% (0% 50% 100%: 0% 50% 100%
w c 2D baseline  N3XT 2D baseline N3XT 2D baseline N3XT 2D baseline N3XT 2D baseline N3XT 2D baseline  N3XT
8 M Processor active 24% 7.4% 8.6% 1.7% 24% 7.2% 8.8% 1.5% 20% 6.2% 2.7% 0.59%

66.5%
30.8%

1.7%
0.19%
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operating frequency of upper-tier memory controllers (Figure
1b) in N3XT because these memory controllers consume low
amounts of energy (~0.01pJ/bit per controller, owing to the
simple interface illustrated in Figure 3) with power densities
<7 W/em? (<10% of total power density in N3XT). Greater
benefits can be achieved in N3XT—1,105% for PageRank,
750x for SVM, and 973x for LSTM—but at the cost of
increased power densities and higher operating temperatures
making advanced thermal solutions essential.

PARSEC benchmark® workloads [Bienia08] as well as FFT
[FFTW15] are evaluated, as they represent common
conventional multicore workloads. Table 5 reports system-
level EDP benefits for N3XT (see Appendix C for the
breakdown of benefits). These workloads enjoy cache miss
rates below 2% due to high data locality, which makes them
amenable to existing architectures, thus having a lower main
memory access rate compared to abundant-data workloads.
For workloads that are compute-bound, N3XT achieves 13-
16x system-level EDP improvements, owing to the benefits
of CNFETs in compute tiers. FFT, Fluid-animate and
Canneal are more memory-bound and, thus, experience
greater improvements in N3XT. When 2.5D and 3D TSV are
analyzed with these workloads, 1.1x and up to 1.9x system-
level EDP benefits are observed—compared to the 2D
baseline architecture (Figure 1la)—for compute- and
memory-bound workloads, respectively.

Table 5. System-level EDP benefits when simulating PARSEC and FFT

multicore workloads on both 2D baseline and N3XT (see the breakdown in
Appendix C).

Workload Benefits Workload Benefits
Black-Scholes 13x Body track 16x
Canneal 36x Dedup 34x
Ferret 12x Fluid animate 54x

Ray trace 20x Stream cluster 35x
Swaptions 65x x264 22x

FFT 150x

VI. EVALUATING SYSTEMS WITH DOMAIN-SPECIFIC
ACCELERATORS

We quantify the benefits of N3XT for embedded
domain-specific accelerators, namely inference using deep
neural networks (DNN). N3XT can achieve a 1,000x
improvement in energy efficiency for a reduced-precision 8-
bit DNN inference accelerator [Hwang17]. In this paper, we
analyze a state-of-the-art 16-bit DNN inference engine
[Gaol7, Chenl6], while we consider accelerators for the
training phase as part of our future work.

To model the execution of the inference phase of DNN
workloads on the hardware accelerator (details shown later),
the corresponding compute operations and memory-access
traces for each network are generated using the TETRIS

8 Not all workloads could be analyzed using the framework (incompatible
host system libraries with the workloads facesim, vips and

framework [Gaol7]. These traces are then simulated with
ZSim using the methodology in Section IV.

Analyzed architectures are illustrated in Figure 13 and
include a 2D array of 4,096 16-bit multiply-and-accumulate
processing elements (PEs) each with a 256-Byte local
SRAM, and a 2-MByte shared memory among all PEs. A 4-
GByte main memory is used to store the DNN model, input
data, and intermediate data generated between consecutive
stages within a single DNN.

Table 6 reports the latency and energy of each
component for both 2D baseline and N3XT estimated using
the framework described in Section IV. In particular, we
perform synthesis and physical design of each component
using a 28 nm foundry SiFET PDK for 2D baseline and 28
nm CNFET PDK for N3XT. Other components such as the
clock tree are scaled from published 65 nm data [Chenl6].
We have also examined projected technology nodes down to
7 nm and have observed results similar to the ones shown
below.

(a) 2D baseline ,~Main memory: 4 GByte off-chip DRAM
,

Silicon-based memory controllers:
7"LPDDR3 interface

----Shared memory: 2 MByte silicon SRAM

..4,096 silicon-based processing elements,
each with local 1 KByte silicon SRAM

Main memory: 4 GByte on-chip 3D RRAM
/with CNFET memory-access circuits (Figure 4)

/CNFET-based memory controllers (Figure 3)

2" CNFET-based compute-to-memory
~meshes-of-trees interconnect (Figure 5)

Shared memory: 2 MByte CNFET SRAM
¥ -“with CNFET memory-access circuits

+.4,096 CNFET-based processing elements,
each with local 1 KByte CNFET SRAM

sEEEATrTUTrTTTTTTY

IUltra-dense ILVs

Figure 13. Architecture configuration of (a) 2D baseline and (b) N3XT DNN
accelerators. Energy and latency for each module are reported in Table 6.

Table 6. Configuration parameters of the analyzed DNN accelerators (Figure
13) estimated using our developed framework in Section IV. Memory-access
latency and energy values shown are for the entire memory subsystem (i.e.,
array and interconnects). FCFS: first-come-first-serve, FR-FCFS: first-ready
FCFS

2D baseline N3XT

Main 4 GByte off-chip | 4 GByte on-chip 3D RRAM
memory DRAM with CNFET access circuits

2 memory controllers, | 16 memory controllers,

2 32-bit channel per | 16 256-bit channels per

controller with | controller with simple

LPDDR3 interface | interface (1.5 GHz), FCFS

(0.8 GHz), FR-FCFS | scheduling

scheduling meshes-of-trees interconnect,

75 ns read, 70ns write | 2.3 ns read, 11 ns write

15 pl/bit read/write 0.4/1.33 pJ/bit read/write
Shared 2  MByte silicon | 2 MByte CNFET SRAM
memory SRAM 1.7 ns read/write

fregmine), but the reported ones span the entire spectrum of compute and
memory access behavior of the suite
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4 ns read/write 0.15 pJ/bit read/write
0.32 pJ/bit read/write
Local 256 Byte silicon | 256 Byte CNFET SRAM per
memory (for | SRAM processing element
each per processing | 0.7 ns read/write
processing element . 0.076 pl/bit read/write
clement) 2 ns read{wrlte .
0.23 pJ/bit read/write
Compute 4,096 16-bit | 4,096  16-bit  processing
units processing elements elements
0.5 GHz clock speed 1.5 GHz clock speed
1.9 pJ/operation 0.6 pJ/operation
Technology 28 nm silicon CMOS | 28 nm CNFET CMOS

Common networks for CNNs and LSTMs and used in this
evaluation are summarized in Table 7. Inference inputs
include images with 224x224x3 pixels [INetl7] for CNNs
and 32-character long text segments [Jozefowicz16] for
LSTMs. We use 1- to 16-input batch sizes that are common
in deep learning accelerators (in both embedded and server
systems) [Han16, Jouppil7].

Table 7. Examined DNN networks and the corresponding memory capacity
of each model.

Network Type #Parameters Memory usage
AlexNet CNN 60 Million 120 MBytes
[Krizhevsky12]

VGGNet-19 CNN 145 Million 290 MBytes
[Simoyan15]

ResNet-152 CNN 60 Million 120 MBytes
[Hel6]

Image Captioning | LSTM | 75 Million 150 MBytes
[Vinyals15]

Language Model | LSTM | 1.2 Billion 2.5 GBytes
[Jozefowicz16]

Simulation results include system-level EDP benefits for all
networks at different batch sizes in Figure 14, where N3XT
experiences up to 1,971x and 251x average improvements
over 2D baseline across all networks and batch sizes.
Language Model is more memory-bound, hence
experiencing greater benefits at all batch sizes. In contrast,
VGGNet-19 is more compute-bound due to increased data
reuse. Regardless, N3XT achieves 63x improvements with
VGGNet-19. Similar benefits are observed for all workloads
mapped on 8-bit hardware accelerator for DNNs [Hwang17].

)

ine

g 320X 1,971X 525X 63X 159X
w = 1000x
TE
388 100x
EZQ  1ox
‘Q @ Captioning Language Model  AlexNet VGGNet-19  ResNet-152
» = (LSTM) (LSTM) (CNN) (CNN) (CNN)
H Batch 1 Batch 4 ®Batch 16

Figure 14. System-level EDP benefits of N3XT vs. 2D baseline, with 16-bit
MAC units, for DNNs. Maximum benefits observed for each network are
highlighted above.

Breakdown of the application-level execution time and total
energy consumption of AlexNet and Language Model
is shown in Table 8 for 1-, 4-, and 16-input batch sizes. We
select these networks as they provide the greatest benefits for

both CNNs and LSTMs. Similar to CPU-based systems,
>90% of total application runtime and energy consumption
are consumed in memory accesses and idle energy of PEs.

Increasing the batch size improves data locality and
hence reduces memory access time and energy—workloads
become more compute-bound, as in the case of AlexNet
with 16-input batch where N3XT achieves only 30x
improvements. Nonetheless, great benefits in N3XT can be
retained with large batch sizes when the network size far
exceeds the capacity of the global SRAM, as in the case of
Language Model with 388x improvements. Increasing
the batch size further would reduce the benefits in N3XT due
to increased weight reuse, implying a higher number of
compute operations per memory read. However, benefits
improve at a very large batch size (>128) due to greater
amounts of intermediate data with commensurate increase in
memory writes.

Simulating 3D TSV and 2.5D integration of a Si-based
compute tier containing PEs, local and global memories, with
HBM DRAM [HBM17] show that system-level EDP benefits
reach 3x and 8x for 2.5D and 3D TSV, respectively. We
summarize such systems configurations in Appendix E.

Thermal analysis of the evaluated domain-specific
accelerator shows that peak temperature and average power
density of N3XT is 35°C and 9.5 W/cm?, respectively. For
2D baseline, the corresponding values are 36°C and 10.4
W/cm?, respectively. These temperatures are comparable to
typical workloads on today’s mobile systems [Chiriac16].
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Table 8. Breakdown of the total execution time and energy consumption for DNN-accelerator-based 2D baseline and N3XT systems. Representations
for the two examined DNN applications, that provide the greatest benefits, are shown for 1-, 4-, and 16-input batch size.

VII. TECHNOLOGY ALTERNATIVES FOR IMPLEMENTING
N3XT

So far, we have assumed several specific technologies—
CNFETs, STTRAM, RRAM and monolithic 3D
integration—but N3XT can leverage a wide variety of device
and integration technologies options. Therefore, we quantify
how the use of such alternatives impacts system-level EDP
benefits. For this analysis, we consider the domain-specific
DNN accelerator illustrated in Figure 13. We report detailed
results for two workloads where N3XT achieves the
maximum and minimum improvements—Language
Model with a single-input batch size and AlexNet with a
16-input batch size, respectively.

Impact of compute-to-memory connectivity. To illustrate
this key enabler in N3XT and its impact, we vary the number
of compute-to-memory connections, i.e., vertical connections
between: (i) the compute tier and the compute-to-memory-
interconnect tiers, (if) the compute-to-memory-interconnect
tiers and the memory-controller tier, and (iif) the memory-
controller tier and the memory-access-circuits tier of the non-
volatile 3D RRAM (all tiers illustrated in Figure 1). These
parameter sweeps capture the range of possible integration
techniques—from planar 2D to fine-grained monolithic 3D
integration. In particular, we vary the number of channels in
each memory controller (1-16 channels per controller,
Figures 2 and 3), the bitwidth in each channel within the
memory controller (64-512 bits per channel, Figure 3) and the
bitwidth in compute-to-memory interconnect (64-512 bits per
channel, Figure 5). These parameters change the number of
connections to memory (shown in the x-axis in Figure 15).
Additionally, we assume that: (/) memory-access circuits are
connected to the non-volatile memory cells with ILVs
(Figures 1 and 4), and (i) compute units, compute-to-
memory interconnect, memory controllers and memory-
access circuits are designed using CNFETs for all analyzed
configurations.

AlexNet (CNN) Language Model (LSTM)
Batch 1 Batch 4 Batch 16 Batch 1 Batch 4 Batch 16
2D baseline
5
= g N3XT 25x 9.5x 5.3x 32x 17.2x 18.5x
o .=
g + 0% 50% 100%; 0% 50% 100% 0% 50% 100% |0% 50% 100%: 0% 50% 100% | 0% 50% 100%
w 2D baseline N3XT 2D baseline  N3XT 2D baseline 2D baseline  N3XT 2D baseline N3XT 2D baseline N3XT
B Accelerator active 9% 3% 26.5% 8.8% 48.9% 1% 0.33% 2.1% 0.7% 8.3% 2.7%
O Memory access 91% 1% 73.5% 1.7% 51.1% 99% 2.8% 97.9% 5.1% 91.7% 2.7%
S 2D baseline
3"(‘;1 N3XT 21x 9.4x 5.7x 61.6x 33x 21x
=
8 a 0% 50% 100%: 0% 50% 100% (0% 50% 100% |0% 50% 100%: 0% 50% 100% :0% 50% 100%
w c 2D baseline  N3XT 2D baseline  N3XT 2D baseline 2D baseline  N3XT 2D baseline N3XT 2D baseline N3XT
8 W Accelerator active 9.5% 3.1% 24.3% 7.8% 41.1% 0.7% 0.2% 2.3% 0.7% 8.5% 2.8%
W Accelerator idle 33.6% 1.1% 29.8% 2.5% 27.5% 35% 0.9% 35.4% 1.7% 33.6% 1.5%
OMemory access 56.9% 0.5% 45.9% 0.3% 31.4% 64.3% 0.6% 62.3% 0.6% 57.9% 0.5%

[ LSTM (Language Model, batch 1) [lll CNN (AlexNet, batch 16)

12}

E _ 1,971x%

© ©1000x
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a § 100x

s g
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2% 1x

ES 16x 512x 16,384x
3 N3XT with 5um N3XT with 1um N3XT with 100 nm
& via pitch via pitch via pitch

Number of vertical connections to 3D RRAM in N3XT
(normalized to number of connections to off-chip DRAM in 2D baseline)

Figure 15. System-level EDP benefits (over the 2D baseline system
illustrated in Figure 13a) versus the number of vertical connections to 3D
RRAM in N3XT, normalized to number of connections to off-chip DRAM
in 2D baseline. The benefits for the N3XT architecture discussed in Section
VI are highlighted. The pitch of the vertical connections is varied, which is
translated to a change in the number of channels in each memory controller
(Figure 2), the bitwidth in each channel within the memory controller (Figure
3) and the bitwidth in compute-to-memory interconnect (Figure 5)—Figure
1 illustrates the locations of the corresponding tiers. Vertical connections
between memory cells (3D RRAM) and memory-access circuits use ILVs
(100 nm pitch for 28nm technology node). Results are shown for workloads
that achieve maximum and minimum improvements in N3XT.

Increasing the number of connections ensures wider and
more concurrent accesses to memory, which in turn improves
memory bandwidth and reduces idle energy in compute
units—a significant portion of total energy (Sections V and
VI). However, a large number of connections is required to
achieve significant improvements.

Simulation results in Figure 15 show that 3D integration with
5-um-pitch vias (similar to a TSV pitch) and CNFET-based
logic in all corresponding tiers offers only 8.7x system-level
EDP benefits for memory-bound workloads—benefits reach
7x if SiFETs are used in the bottom compute tier and may
drop to 4.4x if SiFETs are used in all corresponding logic
tiers (assuming for the sake of an argument that SIFET might
be fabricated in the upper tiers with the same characteristics
as those in the bottom tier). Vias with such large pitches
would require significant area overhead to increase the
number of vertical connections. Moreover, the improvements



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) <

16

observed with this pitch, which is similar to that of TSVs, can
be optimistic since TSV placement tends to be more
constrained in practice.

In N3XT, ILVs with a 100-nm pitch—the via pitch in 28
nm technology node [Tomimatsu09]—increase the benefits
by 1,971x with CNFETSs compared to the 2D baseline system
in Figure 13a. With further downscaling of device
dimensions, ILVs have a finer pitch—80- and 40-nm and
pitch for 14- and 7-nm technology nodes, respectively
[Janl5, Wul6]. Thus, improvements in N3XT would remain
unchanged or even increase with technology scaling.

Impact of alternative logic devices in the compute tier.
These devices bring significant improvements only in
conjunction with large numbers of concurrent compute-to-
memory connections, or when workloads are more compute-
bound. To illustrate this, we sweep both the energy and delay
benefits of the logic devices used in the bottom compute tier
(Figure 1) from 1x to 5x compared to SiFETs (i.e., 1x to 25x
EDP benefits versus SiFETs) for the following architecture
configurations (representing current 2D and 3D stacked
architectures as well as N3XT):

e a2D system with off-chip DRAM (Figure 13a),

e aN3XT system with a 5-pm via pitch, and

e aN3XT system with a 100-nm ILV pitch (Figure 13b).

We assume that CNFETs are used for the logic circuits
in upper tiers in the analyzed 3D systems—compute-to-
memory interconnect, memory controllers, and memory-
access circuits.

Consider Language Model with a single-input batch
(Figure 16a). Table 8 shows that almost 99% of the total time
for this workload is consumed in memory accesses for 2D
baseline system. The time spent in memory accesses
dramatically improves with N3XT. However, it continues to
dominate the application runtime. For such workloads, the
2D system brings only 1.03x system-level EDP benefits
when SiFETs are replaced with highly energy-efficient logic
devices (e.g., 25x EDP benefits in the compute tier).
Similarly, N3XT with a 5-um via pitch has limited
improvements as illustrated in Figure 16a. In contrast, N3XT
(with 100-nm ILV pitch and CNFET-based compute tier)
shows noticeable gains—system-level EDP benefits increase
by 1.9x compared to N3XT with SiFETs in the bottom
compute tier (N3XT enjoys 1,971x improvements versus the
2D baseline system, as shown in Section VI).

2D with off-chip DRAM (2D) . N3XT with 5-pm via pitch . N3XT with 100-nm via pitch

(a) LSTM (Language Model, batch 1)

@ (b) CNN (AlexNet, batch 16)
T 1,050x  1,971x  2,430x

g 1000x

x8

s 10x

$ 9

T e 01X

5= 1x 10x 25x 1x 10x 25x
I3 (SIFET) (CNFET) (SIFET) (CNFET)

(2]

Logic EDP benefits used in the compute tier (vs. SiFETs)

Figure 16. System-level EDP benefits (over the 2D baseline system
illustrated in Figure 13a with SiFETs-based compute units and on-chip
SRAM connected to off-chip DRAM) versus the EDP benefits of logic
devices used in the compute tier. The benefits for the N3XT architecture
discussed in Section VI are highlighted. Three system configurations are
considered: a 2D system with off-chip DRAM main memory akin to that in
Figure 13a, a N3XT system vertically-connected using 5-pm-pitch vias, and
a N3XT system (Figure 13b) vertically-connected using 100-nm-pitch vias.
Results shown for domain-specific accelerator running: (a) Language Model
LSTM network with batch size of 1 (more memory-bound), and (b) AlexNet
CNN network with batch size of 16 (more compute-bound).

As expected, improved logic devices in the compute tier
have a notable impact for more compute-bound workloads.
For instance, system-level EDP benefits for 2D baseline
double after SiFETs are replaced by CNFETSs in the compute
tier, when simulating AlexNet with a 16-input batch
(Figure 16b). As logic devices in the compute tier continue to
improve, such workloads start becoming more and more
memory-bound, and improvements in compute-to-memory
connectivity provide bigger benefits (consistent with our
previous discussions in this section).

Impact of alternative logic devices in the upper tiers. The

performance and energy efficiency of logic devices used in

upper tiers (Figure 1) is critical to retaining the benefits of

N3XT. To place FETs in these upper tiers with monolithic

3D integration, one can use:

e low-temperature logic devices, such as CNFETs, 2D
materials and thin-film transistors [Naito10], or

e alternative lower-temperature fabrication techniques for
SiFETs [Brunet16].

These approaches, among others, may alter the energy-
delay product (EDP) of logic devices placed in the upper tiers
and consequently, system-level EDP benefits in N3XT.

To illustrate this, we sweep the energy and delay of logic
devices in upper tiers of the N3XT architecture from 0.1x to
5% (i.e., 0.01x to 25x EDP benefits) compared to SiFETSs
(CNFETs is used in the bottom compute tier). This sweep
represents devices with better-than-SiFET EDP that can be
fabricated at low temperature (e.g., CNFETSs), or devices that
may be compatible with low-temperature fabrication but
have worse EDP that SiFETs (e.g., thin-film oxide
transistors). We show in Figure 17 system-level EDP benefits
in N3XT versus the 2D baseline system (Figure 13a)—we
annotated the case where CNFETSs are used in the upper tiers,
in addition to the following two hypothetical logic devices
compatible with low-temperature fabrication:
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Figure 17. System-level EDP benefits (over the 2D baseline system
illustrated in Figure 13a) versus the EDP benefits of logic devices (with
respect to SiIFETs) used in upper tiers in N3XT (Figure 1). The benefits for
the N3XT architecture discussed in Section VI are highlighted. The bottom
compute tier is designed with CNFETs. We assume XFET and LTFET are
fabricated at low temperature. XFET has identical electrical properties as
SiFET, while LTFET has 100x worse EDP than SiFET.

e  XFET with electrical characteristics identical to those of
SiFET, and

e [LTFET with 100X worse EDP compared to SiFET (10x
higher energy and 10x slower devices).

As predicted, memory-bound workloads are more
sensitive to such changes. Figure 17 shows that the benefits

with monolithic 3D may reach 202X if XFETs are used in the
upper tiers (while CNFETs are used in the bottom compute

tier). However, the benefits drop significantly to only 2X if
LTFETs are used in upper tiers (with CNFETs are still used
for the bottom compute tier). If SIFETs are used in the bottom
compute tier (for LSTM with batch size of 1), system-level

EDP benefits reach 155X (instead of 202X) and 1.6X (instead

of 2X), if XFETs and LTFETs are used in the upper tiers,
respectively.

VIIL

One of the key challenges of RRAM-based design is the
limited write endurance of RRAM cells. Endurance is defined
as the number of set-reset cycles—writing a zero after writing
a one—after which a cell is either stuck at one or stuck at zero
[Chen12b] (Section III). In this paper, we estimate the
endurance of a single word by the endurance of a single cell’.
We also pessimistically assume that two consecutive writes
to a memory word correspond to a single endurance cycle.
RRAM endurance up to 10'? cycles has been demonstrated
[Kim11, Hsul3] for few cells, whereas demonstrations of at
the level of 1 Mbit array, show 10°-107 cycles [Calderonil4,
Grossil6, Chenl7] (vs. 10" DRAM endurance cycles). Thus,
using RRAM in N3XT without compensating for the limited
RRAM endurance severely degrades its operation /ifetime—
time until the first cell breakdown. In this section, we
introduce the ENDURER technique which overcomes
limited RRAM endurance by reducing the peak number of

RRAM ENDURANCE RESILIENCY

° This is a pessimistic estimate. On the one hand, a write operation does not
necessarily modify all bits within a single word. On the other hand, the
endurance failure of any one cell fails the entire word. Those two trends tend

writes per word from 1010 to at most ~107 during
continuous ten-year operation for each workload from
Sections V and VI (some workloads require only 10° writes
per word). ENDURER incurs negligible overheads—
additional 16-KByte SRAM per 1-GByte RRAM, as well as
0.01% and 0.7% increased execution time and energy
consumption.

Writes to RRAM in N3XT during continuous ten-year
operation of selected workloads are summarized in Figure 18.
These workloads exhibit the highest number of writes per
word for each application. Our analysis indicates that <2%
of RRAM words in N3XT experience >10° writes per word
(maximum 10'* writes per word). Continuous execution of
these workloads would imply lifetimes on the order of ten
seconds assuming 10° RRAM endurance cycles [Sheu09,
Chenl12b, Grossil6].

Total memory capacity (9x109w0rds)

1.76x108 words 4.50x10” words 4.36x10%words ~ 1.95x107 words 1.05x10% words

Number of words
233
[——
3+
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5

1010 1072 per word

Deep learning
(LSTM, inference)

10° 108 1070 1072 104 10° 108 1070 1072 1074 10° 10° 1070 108 1070 1072
Graph analytics Conventional Conventional Deep learning
(PageRank) machine learning (LSTM, training)
(SVM, training)

machine learning
(SVM, inference)

Figure 18. A histogram of the number of writes per word observed over ten-
year continuous operation for workloads (with the largest number of writes
to RRAM) of each application domain. Total number of written words is
highlighted for each workload.

Device-level optimizations such as tuning cell geometries,
changing RRAM materials, and tuning the write latency and
current, can increase RRAM endurance [Leell, Chenl2b,
Strukov16] and may be considered for future work.

Architectural optimizations such as reducing operating
frequency, the number compute units, and RRAM
connectivity, can improve system lifetime. However, such
changes may reduce the resulting EDP benefits of N3XT.

Avoiding unnecessary writes to RRAM is an effective
approach to increase lifetime considerably. We observe that
the inference phase of some deep-learning applications uses
large read-only data structures (DNN weights) but relatively
small read-write data structures (intermediate DNN
variables). This insight suggests an architecture that maps the
smaller data structures to SRAM and the larger data
structures to RRAM. For example, Language model
(Table 7) requires >2 GBytes for weights (read only),
whereas intermediate variables (read and write) occupy 1.6
and 25.6 MBytes for batch sizes of 1 and 16, respectively.
Integrating such SRAM capacity is possible. However, this
approach may not be adequate for other workloads, including

to balance each other out. Additionally, the least significant bit of each word
often goes through more write cycles than other bits [Zhou09], in which case
the endurance of the word is determined by the endurance of one cell.
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inference for deep learning, that require significant SRAM—
e.g., VGGNet-19 occupies 290 MBytes for weights (Table
7), while 12 and 192 MBytes for intermediate variables, batch
sizes of 1 and 16, respectively.

The ENDURER!’ technique redistributes write operations
evenly such that the expected number of writes per word is

w* = va (Figure 19), where Ny is the total number of writes
to a memory of size M during lifetime L. For example, a
workload with 10'8 writes for M = 64 GBytes in L = 10 years
implies W= 1.4x10".

ENDURER implements this approach by combining the

following components:

e address redirect shifts memory addresses by a given
offset,

o offset scheduler controls address redirect,

e periodic remapping supports offset changes by shifting
memory contents accordingly, and

o SRAM-based write-back buffer reduces writes to
heavily-written words (>10'! writes/word).

©10!

1.8x107 1.6x107 1.5x104 2.2x107 2.4x10°

101 =

Graph analytics ~ Conventional Conventional Deep learning  Deep learning
(PageRank)  machine learning machine learning (LSTM, training) (LSTM, inference)
(SVM, training)  (SVM, inference)

N
o o
> ™

o
)

Average number
of writes per word
ORI
- o
>

Figure 19. Average number of writes per word (referred to as W*) over ten-
year continuous operation. Values are shown for selected workloads of each
application domain, following Figure 18.

Address redirect maps each incoming memory address (4)
into a different address (4) by adding offset ©

A =mod(4 + 6,M)
where M is the size of the memory.

Offset scheduler selects ® as a random value uniformly
distributed in {0, 1, ..., M-1} every T seconds. Using this
assumption, Appendix F derives an upper bound on the
expected maximum number of writes per word in L.

When changing ©; to 0;,, the memory contents need to
be shifted by A= mod(0,, ;- ©;, M).

The period T'is selected to ensure that enough remapping
operations occur to balance writes across memory words,
while not causing significant additional writes (since single
remapping operation incurs a write to each memory word). In
this paper we select 7 = 3,100 seconds such that 10°
remapping operations occur within 10 years. Remapping with
this period incurs 10° additional writes per word.

!® ENDUrance REsiliency by random Remapping
' For example, ctz (4) = 2 and ctz (6) = 1.

Periodic remapping cyclically shifts the contents of the
entire memory. In particular, each address 4; is mapped to

KAlgorithm: Periodic Remapping \
Inputs: Memory size M, random offset A®
Ncycles & zctz(AQ)’.
Ior (T’I:O; n < Ncycles ;1N ++)

A€ A €A+,

DataA ¢ Read main memory (4);

while 4 # 1

DataB ¢ Read main memory (A);
Write to main memory (4, DataA);
DataA € DataB; A < A; A < (A +A®) mod M;

}
Write to main memory (4, DataA);

N /

Figure 20. The periodic remapping algorithm.
A — (€] P —
A, =mod(4; + A2, M) ,j= {01...M—1}

As shown in Figure 20, memory values are shifted in
cycles. Multiple such cycles may be required to remap the
entire memory. Assuming M is a power of 2, the number of
such cycles is:

Ncycles = ZCtZ(A?)
where ctz(A?) is the number of trailing zeros in the binary
representation of A?.'' For M=16 and A?= 4, the first cycle
will be 0-4-8-12-0. Additional cycles start at /, 2 and 3.

Remapping does not reduce the number of writes per
word within 7. To reduce peak writes per word, we use
following technique.

The write-back buffer is a fully-associative SRAM of size
S words that places an upper bound on the number of writes
to each RRAM word within a shifting period (7,,,). The buffer
size is determined by:

Ny,

S =—— 1
N @

= W*, then s=2
N.

S
guarantees that no single memory word has more than W~

writes per shifting period, which we prove as follows. For a
workload with a total number of writes N,, and Ny remapping
operations, the expected number of writes between two

. The number of words (5*)

that could have 7, > W™ writes is then:

where N; = % By setting 7,

. o N
remapping periods is N, ¢ = N—W
S

<= —=§ )
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For a buffer of size S, no word with 77, = W *writes can
exercise such heavy writes in RRAM. []

Update A Read A Read A
in buffer from from
RRAM buffer
Flush buffer: Write

Add address write all address A —
A to buffer contents to to buffer
I RRAM [

Request
complete

Figure 21. Memory access with a write-back buffer integrated into the
memory controller.

The buffer size (§*) is 10.4 KBytes for a memory
segment of M = 1 GByte (per memory controller) and N; =
10° periodic remapping operations (derived using equation
2), which is increased to 16 KBytes to account for storing the
word addresses (for each 64-bit word in the buffer, 27 bits are
required to store the address tag as the buffer is fully-
associative, in addition to a valid bit).

Figure 21 illustrates RRAM access in N3XT using the
write-back buffer integrated into the memory controller. For
each write request, if the address resides in the buffer, data
contents are overwritten. Otherwise, the buffer contents are
evicted from the buffer to RRAM and incoming data are
buffered. For a read request, data are read from the buffer if
the address resides there or are read from RRAM bypassing
the buffer.!?

Simulation results illustrated in Figure 22 include the
maximum number of writes per RRAM word observed
during ten-year continuous operation in N3XT. This
represents a pessimistic scenario, and we consider more
practical operating conditions later. We use the framework in
Section IV to estimate the number of writes for each memory
word for each workload and the corresponding execution
time. Results show that ENDURER reduces the maximum
number of writes by at least 2x10* times across all workloads
in N3XT, compared to naive execution without ENDURER
(no resiliency). The use of ENDURER in N3XT extends the
lifetime of continuous operation of inference workloads to
ten years (assuming 10° RRAM endurance cycles).

Certain workloads, such as the training phase of
conventional machine learning, deep learning and graph
analytics, require >10° writes per word during continuous

'2 The buffer behaves differently from a conventional cache as it does not
store any reads from RRAM and it does not employ cache replacement
algorithms as they may be inefficient for fully-associative memories.

ten-year operation, which reduces the lifetime to one year.
These workloads, however, are not executed continuously in
practice [Hazelwoodl18], e.g., deep-learning networks are
trained daily or weekly, while inference runs more frequently
or even continuously. N3XT can ensure ten-year lifetime in
such practical scenarios for each considered workload. For
instance, a CPU-based N3XT architecture achieves ten-year
lifetime (using RRAM with 10° endurance cycles) with
continuous daily operation of incremental training!® for 1
hour and inference for 24 hours of LSTM with a maximum
of 1.7x10° writes per RRAM word (8.5><105 endurance
cycles).

a) CPU-based architecture (Section V)
_10'4 1013 1010 102 10'2

Maximum number of

Graph analytics Cor?ventiona_l Cunventiona_l Deep learning Deep learning
(PageRank) ~machine learning machine learning (Language model (Language model
(SVM, training) ~ (SVM, inference) | STM, training) LSTM, inference)

b) accelerator-based architecture (Section VI)
5x1010 8x10?

2x10M

£106 10° 1.5%10° 10°

Maximum number of

CNN (VGGNet-19)

CNN (ResNet-152)

LSTM (language model)

B No Resiliency [l ENDURER

Figure 22. Maximum number of writes per RRAM word (simulated) in a)
CPU-based and b) accelerator-based N3XT architectures with ENDURER
versus a naive execution without ENDURER (no resiliency) for ten-year
continuous operation. The workloads shown experience the highest writes
per word for each considered application (Sections V and VI). ENDURER
can reduce the writes per word to the order of 10°, for the inference phase of
conventional machine learning and deep learning workloads. Some
workloads do not experience writes to RRAM (even with naive execution)
such as the inference of AlexNet mapped on the domain-specific accelerator
(Section VI), where ENDURER may not be required.

Hardware implementation of ENDURER within each

memory controller is illustrated in Figure 23 with the

following components:

e a 27-bit register (Ry) to store the accumulated random
offset for address redirect,

e a 27-bit adder to redirect memory access with the offset
in Re,

e a 50-bit timer loaded with 7 in cycles for the offset
scheduler, supporting up to 1-day period,

e a 27-bit pseudorandom number generator (PRNG,
implemented using a linear-feedback shift register with
a maximal length characteristic polynomial) to create the
random offset for the offset scheduler,

e a finite-state-machine (FSM) of the periodic-remapping
algorithm in Figure 20,

13 improving the accuracy of a pretrained network
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e a 16-KByte fully associative SRAM buffer, and

e a buffer manager that checks whether an address exists
in the associative memory and flushes the associative
memory with each remapping operation.

RRAM
T [
I |
Flush
buffer FuIIy
f associative
Buffer SRAM
manager buffer

= I
t |

+
LY

i
Rd/Wt enable Clk Address Data in Data out

Figure 23. The ENDURER hardware modules implemented within a
memory controller (Figure 2). Data in, data out, Address, clk, and Rd/wt
enable connect the memory controller to the compute-to-memory
interconnect (Figure 5). Address-redirect blocks are shaded in orange, offset-
scheduler blocks are shaded in grey, periodic-remapping blocks are shaded
in blue and the write-back buffer circuitry is shaded in yellow.

We synthesize the netlist and perform the physical

design of ENDURER using the 28 nm CNFET PDK
introduced in Section IV.

Energy and runtime overheads of ENDURER in N3XT,
summarized in Table 9, reach 0.7% and 0.01%,
respectively.!* These overheads are aggregated from the
following sources:

e energy and latency consumed in address redirect for each

IMemory access,

energy and latency consumed in the offset scheduler,

e energy and latency consumed in the periodic remapping
operation, and

e energy and latency to access the SRAM buffer.

IX. CONCLUSIONS

The growing demands for abundant-data applications,
such as deep learning and graph analytics, expose memory
accesses as a major energy and execution time bottleneck in
current computing systems [Alyl5, Hwangl7]. Profound
changes in architectural strategies, enabled by new
technologies, are required to meet the computational needs of
such applications. Our N3XT approach overcomes this major
challenge through new nanosystem architectures by
leveraging emerging logic and non-volatile memory devices
that can be fabricated at low temperature with thin device
layers. These device technologies facilitate fine-grained and
ultra-dense 3D integration and help overcome current system
limitations, improving system-level EDP by three orders of
magnitude.

In this paper, we have evaluated N3XT for commonly-
used workloads using software implementations targeting
traditional 2D systems. Nevertheless, N3XT can achieve
even greater benefits through hardware-software codesign, as
well as through coordinated optimization of architectural
parameters and software for specific application domains.
Infrastructure for such optimization can be provided by
domain-specific languages (DSL) [Brown!11, Koeplinger18].

Table 9. Energy and run time overheads of the different components in ENDURER when used in N3XT. We discuss the overhead sources for each component

and the corresponding system-level values.

Component Overhead
P Source Energy Runtime
Address Adding offset © to the address of | 0.09%: <1fJ/bit for each access 0%: <0.02 ns for each access which does not
redirect each memory access increase the number of cycles to access RRAM
Offset Updating the timer every clock | 0.00003%: 10 pJ for each period T | 0%: 0.25ns for each access that occurs in parallel
hs duler cycle and generating a new offset ® to memory accesses
sehedute with PRNG each period T’
Periodi Reading all memory words and | <0.01%:31xNmJ or 10.3xN mJ for | 0.01%: 11 ms derived from access latency, number
r:éll;) lcin writing them back to RRAM as well | CPU-based or accelerator-based | of memory controller, access-channels, and
ppIng as activating the FSM each period T | architectures with N-GByte RRAM | capacity
SRAM Checking the address in the buffer, | 0.6%: 18pJ to check the address | 0%: 0.3ns to check address for each access and
ite-back writing data into the buffer and | [Arsovskil3] for each accessand 0.1 | 0.6ns to write data in buffer or read if data resides
;V]Efz; ac reading data if it resides in the buffer | pJ/bit for each write and read if data | in buffer (read and write are both faster than
resides in buffer RRAM-access latency in Tables 1 and 6)
Total 0.7% 0.01%

!4 Energy overhead can be further reduced, e.g., replacing A = mod(4 +
0, M) with A = A @ O in address redirect, and may be considered for future
work.
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In particular, DSL compilers can improve memory locality,
which can help reduce inter-chip communication when data
requirements exceed on-chip memory capacity in N3XT.
Additional runtime support, such as task partitioning,
scheduling and migration techniques [Kasturel7] can
promote inter-chip workload movement and reduce
communication even more.

N3XT is not limited to the architecture choices
illustrated in this paper. To further improve performance,
compute elements can be placed in upper tiers, closer to
memory. However, upper compute tiers can exhibit higher
power density than memory tiers, necessitating advanced
cooling solutions to balance temperature across the full
architecture and remove potential thermal hotspots generated
by these compute tiers. These solutions are currently under
investigation, such as copper nanomesh and nanowires
[Wonl13, Barakol7], two-phase cooling [Palkol6], phase
change materials [Fuensantal3, Barako18] and 2D materials
[Pop12, ChoilS8].

Furthermore, N3XT is compatible with and can serve as
an enabler for non-traditional computing paradigms, such as
brain-inspired hyperdimensional computing [Wul8] and
computing inside memory arrays (e.g., [Lil7]), thanks to the
ultra-dense connectivity between compute and memory units
that are placed vertically adjacent to each other. The
architecture is also not limited to compute and memory
blocks: sensor tiers can be placed at the top so that processing
is performed where data are acquired [Shulaker17]. System-
level interconnects can leverage photonic technologies based
on recently demonstrated CMOS-compatible photonic
sources and light waveguides [Levy10, Piggott15].

Yield and cost of N3XT manufacturing must be
addressed through device-, circuit- and architecture-level
techniques, e.g., using techniques to tolerate hardware failure
at the circuit, architecture and application levels [Chol2,
Hills18b, Lil3]. N3XT hardware prototypes are leading
examples of translating the basic science of nanomaterials
and nanodevices into actual nanosystems. To this end, N3XT
can adopt a wide range of architecture, integration and device
technology choices. While further research is needed to
demonstrate the illustrated improvements in a working N3XT
prototype (i.e., simulated architectures in Sections V and V1),
various hardware demonstrations of N3XT technology
foundations, summarized in Table 10, have already made
significant progress toward this goal.

Security implications of N3XT must be carefully
explored in various contexts: supply-chain attacks, side-
channel attacks, and runtime attacks on non-volatile memory.
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Table 10. Key hardware demonstrations and system-level prototypes for technologies used in N3XT. We particularly focus on large-scale demonstrations
of logic and memory devices, as well as integration techniques that are used in Sections III, IV, V and VI. N3XT can also adopt other technology options
(see Section III), but they can offer lower energy-efficiency benefits.

efficient logic
fabricated at
low
temperature

100 CNTs/pm, 122pA/pm on-current @ 1V Vpp and 10nA/um off-
current [Shulaker14a]

47 CNTs/pm, 900pA/um on-current @ 1.2V Vpp and 100nA/pum off-
current [Brady16]

125 CNTs/um and 960pA/um on-current @ 0.7V Vpp [Qiul7]
CNFETs with adjustable threshold voltage (-1.0-0.2V) via gate-
electrode-thickness tuning [Zhong18b].

Negative-capacitance CNFETs with 55mV/decade subthreshold slope
at room temperature and 2.1x higher on-current versus baseline
CNFETs [Srimanil8]

Logic circuits built with CNT-based 3D-FETs with two vertically-
stacked CNFETs sharing a common gate demonstrated at wafer scale.
This can enable area-efficient designs [Kanhaiyal8].

Technology Recent key demonstrations Full-chip- and system- level analyses

foundations (see Section I1I) (simulated architectures in Sections V and VI)
CNFET-based microprocessor using 178 CNFETs and 10-200 CNTs
per CNFET fabricated at wafer scale [Shulaker13].
CNFET-based hardware accelerator for deep-learning inference. 4-bit )
multiply-and-accumulate units are fabricated at wafer scale with 385 | CNFET-based compute units (cores and accelerators) that
CNFETs per unit [Hills18b]. simultaneously run 3x faster and 3x lower energy versus
Five-stage CNFET-based ring oscillator with 282MHz oscillation SiFET-based designs. CNFETS operate at 65mV/decade
frequency [Han17]. subthreshold slope, 250 CNTs/um, ~2000pA/pm @ 0.5V
Five-stage CNFET-based ring oscillator with up to 5.4GHz oscillation Voo or%-curreAnt and 100nA/um 0ff—curre4nt. .
frequency [Zhong18a]. Our simulations are backed up by industry-practice

Eneray- High-performance and energy-efficient CNFETs: physical design at relevant technology nodes, down to

Snm, of all modules (including effects from parasitics and
interconnect wires) to determine the energy and delay
benefits of CNFETs versus SiFETs.

To ensure realism, when developing our CNFET-based
PDK, we relied on a device-level model calibrated with
experimental measurements for gate lengths down to
9nm. The model also accounts for CNT-specific
variations—e.g., variations in CNT density and CNT
diameter, direct source-to-drain tunneling leakage
current, parasitic capacitance, and parasitic CNT-metal
contact resistance.

Low-latency
and high-
density non-
volatile
memory
fabricated at
low
temperature

4-layer 3D RRAM with SiFET-based access circuitry: £0.8V set/reset
voltage, >10x HRS/LRS ratio, 10° endurance cycles, and 30ns write-
pulse width [Lil6].

8-layer 3D RRAM with SiFET-based access circuitry: 8/-4.5V set/reset
voltage, ~100x HRS/LRS ratio, 107 endurance cycles, and down to
100ns write-pulse width [Luol7].

11-Mbit embedded RRAM with SiFET-based access circuitry
fabricated at 40nm technology node: 53F? cell size, £1.4V set/reset
voltage, 0.26V read voltage, >5x HRS/LRS ratio and 9ns read-access
time [Choul8].

32-Gbit RRAM with diode selectors fabricated at 24nm technology
node: 6F cell size and 40/230us read/write latency [Liul4].

4-kbit multi-valued RRAM arrays with three bits per RRAM cell
[Lel8].

16-Gbit 1”TIR RRAM with SiFET-based access circuitry fabricated at
27nm technology node: 6F? cell size and 2/10 us read/write latency
[Fackenthal14].

40-Mbit STTRAM-based embedded memory with SiFET-based access
circuitry fabricated at 2xnm FD-SOI technology node: 2x HRS/LRS
ratio, 107 endurance cycles, and 20/50ns read/write latency [Shum17].
4-Gbit STTRAM with SiFET-based access circuitry fabricated at 90nm
technology node: 9F? cell size and 50.5ns read latency [Rho17].

>1-GByte 8-layer 3D RRAM with CNFET-based access
circuitry and CNFET-based memory controller. RRAM
cells have £1.2V set/reset voltage, 0.5V read voltage, 10x
HRS/LRS ratio, 10° endurance cycles, 12F cell size, and
10ns write-pulse width.

>1-MByte STTRAM with CNFET-based access circuitry
and CNFET-based memory controller. STTRAM cells
have +0.9V set/reset voltage, 0.5V read voltage, 2x
HRS/LRS ratio and 9F? cell size and 2ns write-pulse
width.

Design of all memory subsystems is based on
experimental measurements of memory cells, i.e., read
and write voltages and currents, write pulse width, cell
area, and on/off resistances. Dimensions of CNFET-
based access transistors are determined via SPICE
simulations. Digital blocks are modeled using CNFET
PDK (mentioned above). Analog components are
simulated in SPICE with device parameters from the
CNFET PDK. Cycle-to-cycle and cell-to-cell variations
are accounted for when designing the memory-access
circuitry.

Fine-grained
and ultra-
dense
integration of
logic and
memory

Three-tier monolithic 3D integration of CNFET-based logic gates that
performs basic logic operations, i.e., inverter and two-input XOR gates
[Wei09].

Two-tier monolithic 3D integration of CNFETs on top of SiFETs
[Shulaker14b].

Four-tier monolithic 3D integration of CNFETs and RRAM on a SiFET
bottom tier demonstrating a switching element of a switchbox for an
FPGA [Shulaker14d].

Four-tier monolithic 3D integration of more than two million CNFETSs
and 1-Mbit RRAM on top of a SiFET bottom tier demonstrating
computation immersed in memory. CNFET-based sensors are placed on
the top tier, where captured data are stored in RRAM and then processed
on an on-chip hardware accelerator designed using CNFETs
[Shulaker17].

Two-tier monolithic 3D integration of 1,952 CNFETs and 224 RRAM
cells that exploits variations in CNFETs and RRAM to perform
cognitive tasks such as language recognition [Wul8].

Monolithic 3D integrated system of more than four tiers
with CNFET-based hardware accelerator for deep-
learning inference, 3MByte CNFET-based SRAM, 4-
GByte 3D RRAM with CNFET-based access circuitry
and high memory-access bandwidth using sub 100-nm
interlayer via pitch.

Monolithic 3D integrated system of more than four tiers
comprising CNFET-based general-purpose multicore
processor, CNFET-based SRAM, > 1-MByte STTRAM
with CNFET-based access circuitry, > 1-GByte 3D
RRAM with CNFET-based access circuitry and high
memory-access bandwidth using sub 100-nm interlayer
via pitch.

Our designs are implemented using a monolithic 3D
physical design methodology (Section IV) that leverages
commercial design tools for conventional ICs. We
account for ILV locations and their load capacitance and
drive resistance in the place-and-route stage of the design.
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APPENDIX A. MEMORY SIZES IN CPU-BASED SYSTEMS

Table A.2. Configurations of the evaluated CPU-based systems for both 2D
baseline and N3XT.

We investigate the cache and main memory capacity of Parameter | 2D baseline [ N3XT
a wide range of computing systems, from mobile to 2-core configuration
datacenter platforms, and summarize their properties in Table Main 2 GBytes DRAM 2 GBytes 3D RRAM
: : : memory + 1 controller, 1 32-bit | (CNFET access circuits)
A.l. We 1!1ustrate the trend in memory capg(nty. for these compute-to. | channel/controller > memory controllers (4GHz), 16
systems with respect to the number of cores in Figure A.1, memory LPPDR3 interface (0.8 | 512-bits channels per controller with
clearly indicating that capacities of the cache and main interconnect | OHz),  FR-FCFS | simple interface, FCFS scheduling
. scheduling Meshes-of-trees interconnect
memories are at least 1 MByte and 1 GByte per core, 75/70 ns rd/wt 1.5/11.3 ns rd/wt
respectively. In N3XT, system configurations with larger 15 pJ/bit rd/wt 0.4/0.9 pJ/bit rd/wt
it 1d h ter i t L2 Cache 2 MBytes SRAM 2 MBytes STTRAM
memory capacity per core would have greater improvements 11 ns rd/wt (CNFET access circuits)
than the cases shown in Section V. Baseline systems do not 0.37 pJ/bit rd/wt 1.5/3.6 ns rd/wt
have more connections to memory, but the compute-to- 0.1/0.5 pl/bit rd/wt
memory interconnect in N3XT can support this increase in 4-core configuration
y . . PP Main 4 GBytes DRAM 4 GBytes 3D RRAM
memory CapaCIty with more concurrent accesses. memory + | 1 controller, 2 32-bit | (CNFET access circuits)
. R compute-to- channels/controller 4 memory controllers (4GHz), 16
Table A.1. Summary of the examined CPU-based systems highlighting the memory LPPDR3 interface (0.8 | 512-bits channels per controller with
number of processor cores, cache and main memory capacity. interconnect | GH2), FR-FCFS | simple interface, FCFS scheduling
5 5 scheduling Meshes-of-trees interconnect
Computing Num. Cache cap. Main mem. 75/70 ns rd/wt 1.5/11.3 ns rd/wt
systems cores (MBytes) | cap. (GBytes) 15 pl/bit rd/wt 0.5/0.96 pl/bit rd/wt
Apple al0 [Al] 2 3 3 L2 Cache 4 MBytes SRAM 4 MBytes STTRAM
Apple 29% [A2 5 3 4 11 ns rd/wt (CNFET access circuits)
pple adx [A2] 0.4 pJ/bit rd/wt 1.5/3.6 ns rd/wt
Yoga 900s [A3] 4 4 8 0.11/0.5 p/bit rd/wt
Thinkpad T [A4] 4 4 20 8-core configuration
Macbook pro [A5] 4 8 16 Main 8 GBytes DRAM 8 GBytes 3D RRAM
IBM Power S812LC [A6] | 8 64 32 memory + | 2 controllers, 2 32-bit | (CNFET access circuits)
Ideapad Y900 [A7] 8 8 16 compute-to- channels/controller 8 memory controllers (4GHz), 16
IBM power E850 [A8] 48 384 128 memory LPPDR3 interface (0.8 | 512-bits channels per controller with
IBM Watson [A9] 2880 54.000 16.384 interconnect | GH2), FR-FCES | simple interface, FCFS scheduling
- - 2 2 2 scheduling Meshes-of-trees interconnect
Piz Daint [A10] 206,720 516,800 194,560 75/70 ns rd/wt 2/11.5 ns rd/wt
Oakforest [A11] 556,104 278,052 919,296 15 pJ/bit rd/wt 0.6/1.0 pJ/bit rd/wt
Titan [A12] 560,640 560,640 710,144 L2 Cache 8 MBytes SRAM 8 MBytes STTRAM
Cori [A13] 622.336 311.168 878.592 11.7 ns rd/wt (CNFET access circuits)
> > : 0.5pJ/bit rd/wt 1.7/3.7 ns rd/wt
equ01a‘[ ] 1.60x 1? 1.28x10 2 2 16-core configuration
Sunway Taihu [A16] 1.1x10 665,600 1,310,720 Main 16 GBytcs DRAM 16 GBytcs 3D RRAM
memory + 2 controllers, 1 64-bit | (CNFET access circuits)
APPENDIX B. CONFIGURATIONS OF CPU-BASED SYSTEMS compute-to- | channcl/controller 16 memory controllers (4GHz), 16
i . memory DDR4 interface | 512-bits channels per controller with
We evaluate 2- to 64-core architectures for both baseline interconnect | (12GHz), FR-FCFS | simple interface, FCFS scheduling
and N3XT and summarize their key parameters Table A.2. In chk;zg”lm%/ ) Z//Ile;h;s"’fg/fei’s interconnect
. ns ra/wi . NS rd/wi
all configurations, the processor cores and L1 caches use the 45 pl/bit rd/wt 0.66/1.0 pl/bit rd/wt
same parameters illustrated in Table 1. Since the architectural L2 Cache 16 MBytes SRAM 16 MBytes STTRAM
. . . 12.5 ns rd/wt (CNFET access circuits)
simulator uses <86 Instruction-set architecture (54), we use 0.65 pl/bit rd/wt L8/3.7 ns rd/wt
hardware measurements of the Intel Xeon Phi (fabricated at 0.16/0.55 p/bit rd/wt
22 nm node) to estimate the processor core energy and 32-core configuration
frequency reported in the literature [Shao13]. For N3XT we Main 32GBytes DRAM | 32 GBytes 3D RRAM
. memory + 4 controllers, 1 64-bit | (CNFET access circuits)
increase the frequency by 3% and reduce the energy compute-to- | channel/controller 32 memory controllers (4GHz), 16
consumption by 3 X, which are the same scaling values memory DDR4 interface 5'12-bit§ channels per comrolle'r with
. . . interconnect | (1.2GHz), FR-FCFS | simple interface, FCFS scheduling
observed after performing the physical design of the scheduling Meshes-of-trees interconnect
OpenSPARC T2 using a foundry SiFET and the CNFET 65/60 ns rd/wt 4.5/12.8 ns rd/wt
PDK at 28 nm 45 pJ/bit rd/wt 0.7/1.1 pJ/bit rd/wt
: L2 Cache 32 MBytes SRAM 32 MBytes STTRAM

We use LPDDR3 DRAM interface for the 2-, 4-, and 8-
core configurations in 2D baseline to represent embedded
and mobile architectures.

13.2 ns rd/wt
0.8 pJ/bit rd/wt

(CNFET access circuits)
1.85/3.9 ns rd/wt
0.18/0.59 pJ/bit rd/wt
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Figure A.1. (a) Cache and (b) memory size observed in existing architectures
(mobile, desktop, server, and HPC) spanning a wide range of processor core.
The trend shows a ratio of 1 MByte of cache and 1 GByte of main memory
per core is retained among different classes.

APPENDIX C. CPU-BASED SYSTEMS RESULTS

We show the application-level runtime, energy benefits
and their product, as well as the corresponding runtime and
energy consumption breakdown for all evaluated workload-
dataset pairs in Table A.3, Table A.4 and Table A.5.

Table A.3. Benefits and application-level breakdown results for the examined workloads (Part 1 of 3). Time refers to application runtime, TxE is
system-level EDP. Proc.=processor

Workload | Dataset Num. | Arch. type Benefits Time breakdown Energy breakdown
cores Time Energy | TXE Proc. Mem. Total Proc. Proc. Mem. Total
active access active idle access
Linear 2D Baseline 26.58% | 73.420% | 100% | 21.414% | 24.167% | 54.419% | 100%
regression | KOV 2 NBXT 0.95 | 925 | 643X Img 8% | 5.750% | 144% | 6.530% | L127% | 3.158% | 10.814%
(training) 2D Baseline 28.0% | 71.998% | 100% 20.844% | 21.934% [ 57.223% | 100%
URL 4 oxr A8 1009 T2 o o T 4811% | 13.9% | 6357% | 0.880% | 2.675% | 9.912%
2D Baseline 277% | 12.3% 100% | 22.631% | 24.204% | 53.165% | 100%
HIGGS 8 Iext TADC ] 1042 TTI TG Gy | 4.494% | 13.5% | 6.939% | 0.904% | 1.755% | 9.597%
2D Baseline 155% | 84.5% 100% | 10.575% | 11.760% | 77.665% | 100%
YAHOO | 16 —syr 873 | 1892 | 165% 1= 000% | 6449% | 115% | 3.226% | 0.541% | 1518% | 5.285%
2D Baseline 18.00% | 82.000% | 100% | 26.138% | 40.514% | 33.348% | 100%
Weather | 64 m3xr T3 1195 852X e a010, [ 5.634% | 14% | 5.531% | 1.757% | 1.078% | 8.367%
2D Baseline 3.599% | 96.401% | 100% | 7.157% | 44.402% | 48.441% | 100%
HBP o4 Naxt 1933 | 3134 | 012 g0, [ 3.334% | 5.1% | 1.889% | 0753% | 0.549% | 3.191%
Lincar 2D Baseline 41.5% | 58.5% 100% | 23.814% | 31.345% | 44.841% | 100%
regression | RCV 2 [ N3XT SADC ] TAPC | A0 S T 4 979% | 18.5% | 7357% | 2.612% | 3483% | 13.452%
(inference) 2D Baseline 42.33% | 57.61% 100% 15.549% | 38.390% | 46.061% | 100%
URL 4 oxr 360 B35 | 468X e | 4.028% | 17.9% | 4747% | 4.128% | 3.096% | 11.971%
2D Baseline 62.00% | 38.00% | 100% | 13.791% | 57.614% | 28.595% | 100%
HIGGS 8 Inaxt 302 703 353 e Ty, | 1795% | 19.9% | 3.796% | 6.563% | 3.857% | 14.216%
2D Baseline 19.68% | 80.32% | 100% | 3.374% | 29.513% | 67.114% | 100%
YAHOO | 16 =y 838 | 1852 ASS ™ 0906 | 5.531% | 11.9% | 1.030% | 2.024% | 2.344% | 5.398%
2D Baseline 11.49% | 88.51% | 100% | 1.731% | 75418% | 22.852% | 100%
Weather | 64 M55t 87 | 1830 A6 I e | 5.722% | 114% | 0367% | 4.233% | 0.804% | 5.404%
2D Baseline 15.79% | 8421% | 100% | L151% | 76.047% | 22.803% | 100%
HBP o4 Naxt T2 1SS 2 Gy, | 5.958% | 13.9% | 0.243% | 5221% | 0969% | 6433%
Logistic . o | 2DBascline | 679« | 843« | 57.2x | 29.93% | 70.07% | 100% | 24.595% | 23.420% | 51983% | 100%
regression N3XT 9.325% | 5404% | 14.13% | 7493% | 1.069% | 3.305% | 11.867%
(training) URL 4 2D Baseline | 7.09% 9.81x 69.6x | 29.98% | 70.02% 100% 22.39% | 20.98% | 56.63% 100%
N3XT 9.88% | 4.23% 14.11% | 6.83% | 0.76% | 2.60% 10.189%
HIGGS o | 2DBascline | 6.08% | 848x | 5L6x | 38.01% | 61.99% | 100% | 30.73% | 20.26% | 49.01% | 100%
N3XT 12.42% | 4.03% 16.45% | 936% | 0.79% 1.64% 11.794%
VAHOO | 16 | 2DBascline | 8.50x | 1839x | 156x | 16.00% | 84.00% | 100% | 1097% | 11.70% | 77.33% | 100%
N3XT 5.18% | 6.59% 11.76% | 335% | 0.54% 1.55% | 5.438%
Weather |64 | 2DBaseline | 6.6 | 1128x | 75 | 1940% | 80.60% | 100% | 27.64% | 39.45% | 32.92% | 100%
N3XT 890% | 6.19% 15.10% | 5.85% 1.85% 1.17% | 8.869%
. o | 2DBascline | 1842x | 3264x | 601x | 4.14% | 9586% | 100% | 8.16% | 4385% | 47.09% | 100%
N3XT 206% | 337% | 5.43% | 1.76% | 0.76% | 0.54% | 3.064%
Logistic . o | 2DBascline | 566« | 750 | 425x | 40.00% | 60.00% | 100% | 24.50% | 31.04% | 4446% | 100%
regression N3XT 13.06% | 4.59% 17.65% | 747% | 235% | 3.52% 13.339%
(inference) URL 4 2D Baseline | 5.66x 8.75% 49.6x | 41.00% | 59.00% 100% 16.39% | 38.37% | 45.24% 100%
N3XT 13.59% | 4.08% 17.66% | 5.00% | 3.46% | 2.96% 11.426%
HIGGS o | 2DBascline | 471« | 650x | 30.7x | 5951% | 40.49% | 100% | 14.71% | 56.49% | 28.80% | 100%
N3XT 1930% | 1.91% | 2121% | 449% | 6.79% | 4.10% 15375%
VAHOO | 16 | 2DBascline | 8.61x | 18.89x | 163x | 18.50% | 81.50% | 100% | 339% | 20.39% | 67.22% | 100%
N3XT 6.01% | 5.61% 11.62% | 1.04% 1.96% | 2.29% | 5.94%
el o | 2DBascline | 877% | 1854x | 163x | 11.00% | 89.00% | 100% | 1.73% | 7542% | 22.85% | 100%
cather N3XT 5.70% | 5.70% 11.41% | 0.37% 4.22% 0.80% 5.395%
B o | 2DBascline | 725x | 1557 | 113x | 1540% | 84.60% | 100% | 1.25% | 7592% | 22.83% | 100%
N3XT 7.59% | 621% 13.80% | 0.26% | 5.19% | 0.96% | 6.421%
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Table A.4. Benefits and application-level breakdown results for the examined workloads (Part 2 of 3). Time refers to application runtime, TxE is
system-level EDP. Proc.=processor

Workload | Dataset Num. | Arch. type Benefits Time breakdown Energy breakdown
cores Time Energy | TXE Proc. Mem. Total Proc. Proc. Mem. Total
active access active idle access
Support RCV 2 2D Baseline | 6.43x 8.35% 54x 31.26% | 68.74% | 100% 25.183% | 22.599% | 52.218% | 100%
vector N3XT 10.16% | 5.408% | 15.56% | 7.682% 1.070% 3.217% 11.97%
ma(?h?nes URL 4 2D Baseline | 7.25x 9.15x 66% 32.50% | 67.50% | 100% 24.13% 20.55% 55.33% 100%
(training) N3XT 10.56% | 3.24% 13.80% | 7.36% 0.84% 2.73% 10.93%
HIGGS 3 2D Baseline | 6.77x 9.50x 64x 33.00% | 67.00% | 100% 26.74% 21.96% 51.30% 100%
N3XT 10.80% | 3.98% 14.78% | 8.16% 0.78% 1.59% 10.53%
YAHOO 16 2D Baseline | 8.11x 16.72x 136x% 18.70% | 81.30% | 100% 12.73% 11.30% 75.97% 100%
N3XT 6.07% 6.26% 12.33% | 3.88% 0.52% 1.58% 5.981%
Weather 64 2D Baseline | 6.22x 10.34x | 64x 20.99% | 79.01% | 100% 32.08% 37.10% 30.83% 100%
N3XT 10.50% | 5.57% 16.08% | 6.77% 1.73% 1.16% 9.667%
HBP o4 2D Baseline | 18.14x | 36.57x | 663x 4.49% 95.51% | 100% 8.80% 43.45% 47.75% 100%
N3XT 2.24% 3.28% 5.51% 1.48% 0.74% 0.51% 2.735%
Support RCV 2 2D Baseline | 5.37x 7.37x 39.6x 42.11% | 57.89% | 100% 24.76% 30.73% 44.51% 100%
vector N3XT 13.73% | 4.89% 18.61% | 7.55% 2.58% 3.43% 13.56%
l?aChineS URL 4 2D Baseline | 5.61x 8.65% 48.5x 42.89% | 57.11% | 100% 16.53% 37.19% 46.28% 100%
(inference) N3XT 13.96% | 3.87% | 17.8% | 5.08% 3.44% 3.03% 11.55%
HIGGS 8 2D Baseline | 5.00x 7.01x 35x% 63.01% | 36.99% | 100% 14.10% 57.37% 28.53% 100%
N3XT 18.28% | 1.73% 20.01% | 3.89% 6.53% 3.85% 14.27%
YAHOO 16 2D Baseline | 8.34x 18.18x 151x% 18.99% | 81.01% | 100% 3.71% 29.33% 66.96% 100%
N3XT 6.36% 5.63% 11.99% | 1.13% 2.02% 2.35% 5.500%
Weather 64 2D Baseline | 8.74x 18.36x 160x 10.97% | 89.03% | 100% 1.97% 75.22% 22.80% 100%
N3XT 5.72% 5.72% 11.44% | 0.42% 4.23% 0.80% 5.446%
HBP 64 2D Baseline | 7.15x 15.92x 114x% 15.90% | 84.10% | 100% 1.23% 75.96% 22.81% 100%
N3XT 7.83% 6.15% 13.99% | 0.26% 5.26% 0.76% 6.280%
CNNs VGGNet-19 | 32 2D Baseline 1055% | 32.1x 338x 9% 91% 100% 4.625% 52.05% 43.325% | 100%
(training) N3XT ) ) 4.815% | 4.667% | 9.481% | 0.842% 1.95% 0.32% 3.115%
Inception-v4 | 16 2D Baseline 3 5% 12.2% 42.5x 36.98% | 63.02% | 100% 22.613% | 17.22% 60.167% | 100%
N3XT ) ) i 22.95% | 5.737% | 28.7% 4.908% 1.780% 1.510% 8.198%
CNNs VGGNet-19 | 2 2D Baseline 5.00x 7 03x 35.28x 62.00% | 38.00% | 100% 13.791% | 57.614% | 28.595% | 100%
(inference) N3XT ) ) i 18.14% | 1.795% | 19.9% 3.796% 6.563% 3.857% 14.21%
Inception-v4 | 2 2D Baseline 0.78x 26.7x 288x 11.00% | 89.00% | 100% 6.623% 42.072% | 51.305% | 100%
N3XT ) ) 5.723% | 3.559% | 9.282% | 1.09% 1.313% 1.341% 3.744%
LSTM Neural 16 2D Baseline 0.41x 15.3% 144x 16.19% | 83.81% | 100% 24.021% | 42.261% | 33.718% | 100%
(training) programmer N3XT ) ) 7.862% | 2.762% | 10.6% 5.082% 1.159% 0.294% 6.53%
Language 64 2D Baseline 17.3x 40.1% 691x 7.31% 92.69% | 100% 2.778% 66.521% | 30.701% | 100%
Model N3XT ) ) 3.658% | 2.141% | 5.799% | 0.586% 1.715% 0.194% 2.494%
LSTM Neural 2 2D Baseline 6.5% 13.12% | 85.7x 20.81% | 79.19% | 100% 15.766% | 63.770% | 20.465% | 100%
(inference) | programmer N3XT ) ) i 10.40% | 4.918% | 15.32% | 3.312% 4.129% 0.177% 7.618%
Language 16 2D Baseline 19.7% 37 3x 734 3.490% | 96.51% | 100% 3.280% 56.962% | 39.759% | 100%
Model N3XT ) ) 1.534% | 3.541% | 5.075% | 0.690% 1.223% 0.771% 2.684%
PageRank | Web- 2 2D Baseline 49% 6.1x 26% 68.01% | 31.99% | 100% 46.167% | 9.163% 44.670% | 100%
Google N3XT ) ) 21.90% | 1.637% | 23.54% | 14.062% | 0.282% 1.938% 16.28%
Patent 2 2D Baseline | 4.1x 5.7x 23.9x 74.91% | 25.09% | 100% 50.133% | 9.019% 40.849% | 100%
N3XT 22.94% | 1.219% | 24.16% | 14.854% | 0.398% 2.095% 17.34%
Pokec 4 2D Baseline | 6.1x 10.4x 63% 42.45% | 57.55% | 100% 24.218% | 13.726% | 62.055% | 100%
N3XT 13.83% | 2.632% | 16.46% | 7.456% 0.359% 1.761% 9.576%
LiveJournal | 8 2D Baseline | 4.8x 7.5% 36.4x 58.03% | 41.97% | 100% 35915% | 11.021% | 53.064% | 100%
N3XT 18.6% 2.160% | 20.76% | 10.974% | 0.333% 1.924% 13.23%
Orkut 16 2D Baseline | 5.8x 10% 58x% 47.51% | 52.49% | 100% 27.234% | 13.219% | 59.547% | 100%
N3XT 14.98% | 2.26% 17.25% | 8.170% 0.392% 1.438% 10.00%
EU-2015 32 2D Baseline | 15.8x 31x 476.2x | 8.64% 91.36% | 100% 14.072% | 34.325% | 51.603% | 100%
N3XT 4.319% | 2.021% | 6.340% | 2.812% 0.135% 0.365% 3.312%
UK-2005 64 2D Baseline | 18.3x 26.1x 477.6x | 8.000% | 92.00% | 100% 14.642% | 39.817% | 45.541% | 100%
N3XT 4.034% | 1.434% | 5.468% | 3.150% 0.321% 0.358% 3.829%
1T-2004 64 2D Baseline | 16.2x 23.9x 388.4x | 9.000% | 91.00% | 100% 15.333% | 40.871% | 43.796% | 100%
N3XT 4.515% | 1.647% | 6.162% | 3.263% 0.484% 0.432% 4.179%
Twitter 64 2D Baseline | 21.9x 38.9x 852.6x | 49% 95.1% 100% 8.961% 40.027% | 51.012% | 100%
N3XT 2.448% | 2.120% | 4.568% | 1.792% 0.178% 0.597% 2.568%
Friendster 64 2D Baseline | 17.8x 34.3x 388.4x | 4.623% | 95.38% | 100% 8.931% 42.286% | 48.783% | 100%
N3XT 2.381% | 3.232% | 5.614% | 1.786% 0.559% 0.573% 2.919%
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Table A.5. Benefits and application-level breakdown results for the examined workloads (Part 3 of 3). Time refers to application runtime, TxE is
system-level EDP. Proc.=processor

Workload Dataset Num. | Arch. type Benefits Time breakdown Energy breakdown
cores Time | Energy TXE Proc. Mem. Total Proc. Proc. Mem. Total
active access active idle access
Breadth first | Web- 2 2D Baseline | 4.5x 5.8x 26% 63.17% | 36.83% 100% 44.353% | 10.683% | 16.066% | 100%
search Google N3XT 20.42% | 1.874% 22.3% 13.516% | 0.325% 1.753% 17.24%
LiveJourna | 8 2D Baseline | 5.5% 7.3x 40.2x 48.23% | 51.78% 100% 33.783% | 15.099% | 19.418% | 100%
1 N3XT 15.56% | 2.595% 18.16% | 10.302% | 0.460% 1.673% 13.72%
EU-2015 32 2D Baseline | 5.2x 7.3x 37.7x 50.76% | 49.24% 100% 36.460% | 14.699% | 20.353% | 100%
N3XT 16.36% | 2.870% 19.23% | 11.105% | 0.516% 1.891% 13.78%
UK-2005 64 2D Baseline | 3.7x 7.4x 27.7x 51.32% | 48.68% 100% 59.081% | 13.455% | 15.732% | 100%
N3XT 25.14% | 1.746% 26.9% 12.459% | 0.243% 0.730% 13.45%
IT-2004 64 2D Baseline | 3.7x 7.4x 27.3x 51.44% | 48.56% 100% 59.473% | 13.358% | 15.662% | 100%
N3XT 25.28% | 1.790% 27.08% | 12.501% | 0.256% 0.751% 13.51%
Twitter 64 2D Baseline | 9.8x 18.4x 180.7x | 22.87% | 77.13% 100% 31.044% | 27.447% | 28.907% | 100%
N3XT 7.066% | 3.124% 10.2% 4.344% 0.579% 0.861% 5.431%
Single- UK-2005 64 2D Baseline | 18.5x | 34.4x 637.4x | 4.590% | 95.410% | 100% 9.214% 44.041% | 46.745% | 100%
source N3XT 2.434% | 2.966% 5.4% 1.843% 0.518% 0.543% 2.9%
shortest path | IT-2004 64 2D Baseline | 20.8x | 36.9x 766% 4.433% | 95.567% | 100% 8.854% 43.377% | 47.769% | 100%
N3XT 2.308% | 2.503% 4.8% 1.770% 0.443% 0.500% 2.7%
Twitter 64 2D Baseline | 24.1x | 48.2x 1159x% 5.002% | 94.998% | 100% 9.430% 40.880% | 49.690% | 100%
N3XT 1.927% | 2.228% 4.2% 1.320% 0.352% 0.404% 2.1%
Friendster | 64 2D Baseline | 13.3x | 26.2x 348.4x | 6.900% | 93.100% | 100% 12.852% | 39.811% | 47.338% | 100%
N3XT 3.891% | 3.617% 7.5% 2.572% 0.552% 0.699% 3.8%
Connected Web- 2 2D Baseline 4.6x 5 5% 25x 60.56% | 39.44% 100% 46.075% | 6.175% 47.751% [ 100%
components | Google N3XT ) ) 19.69% | 2.01% 21.8% 14.058% | 0.202% 3.791% 18.1%
Patent 2 2D Baseline 44% 53% 23.5x 68.14% | 31.86% 100% 48.224% | 5.558% 46.218% | 100%
N3XT ) ) } 21.27% | 1.42% 22.69% | 14.800% | 0.166% 3.806% 18.77%
Pokec 4 2D Baseline 4.9% 58% 28.6x 56.72% | 43.283% | 100% 43.329% | 6.977% 49.694% | 100%
N3XT ) ) i 18.23% | 2.224% 20.46% | 13.212% | 0.219% 3.681% 17.11%
Live 8 2D Baseline 44% 59% 22.9% 67.13% | 32.868% | 100% 49.350% | 5.567% 45.083% | 100%
Journal N3XT ) ) i 21.13% | 1.635% 22.76% | 15.047% | 0.173% 3.929% 19.15%
Orkut 16 2D Baseline 4.0% 6.4x 31.6x 57.5% 42.5% 100% 42.552% | 7.109% 50.339% | 100%
N3XT ) ) i 18.18% | 2.114% 20.29% | 13.060% | 0.219% 2.318% 15.6%
EU-2015 32 2D Baseline | 12x 22.9x 275% 6.900% | 93.100% | 100% 12.852% | 39.811% | 47.338% | 100%
N3XT 4.210% | 4.116% 8.327% | 2.904% 0.655% 0.810% 4.368%
UK-2005 64 2D Baseline | 18.4x | 34.13x 627x% 4.608% | 95.392% | 100% 9.097% 43.075% | 47.828% | 100%
N3XT 2.368% | 3.072% 5.441% | 1.824% 0.546% 0.559% 2.930%
IT-2004 64 2D Baseline | 18.4x | 35.2x 648x% 4.679% | 95.321% | 100% 8.872% 41.739% | 49.389% | 100%
N3XT 2.405% | 3.026% 5.431% | 1.775% 0.515% 0.551% 2.841%
Twitter 64 2D Baseline | 17.1x | 33.8x 577% 4.593% | 95.407% | 100% 8.892% 42.335% | 48.773% | 100%
N3XT 2.516% | 3.335% 5.851% | 1.806% 0.552% 0.604% 2.962%
PARSEC Black- 64 2D Baseline | 2.1x 6.4% 13x 93.73% 6.27% 100% 32.89% 50.65% 16.46% 100%
Scholes N3XT 46.87% 0.26% 47.13% 8.22% 7.02% 0.40% 15.65%
Body track | 64 2D Baseline | 2.6x 6.1x 16x 64.93% | 35.07% 100% 69.88% 17.69% 12.43% 100%
N3XT 33.89% | 4.30% 38.19% | 13.98% 1.67% 0.85% 16.50%
Canneal 64 2D Baseline | 3.3x 11x 36% 54.87% | 45.13% 100% 3.02% 76.61% 20.37% 100%
N3XT 27.52% | 2.85% 30.37% | 0.76% 7.81% 0.14% 8.70%
Dedup 64 2D Baseline | 5.2x 6.6x 34x 35.43% | 64.57% 100% 53.25% 26.91% 19.84% 100%
N3XT 17.71% | 1.47% 19.18% | 13.31% 0.90% 0.74% 14.95%
Ferret 64 2D Baseline | 2.1x 6% 12x 87.74% | 12.26% 100% 39.87% 39.62% 20.51% 100%
N3XT 43.87% | 2.99% 46.86% | 9.96% 5.31% 0.64% 15.91%
Fluid 64 2D Baseline | 6.6% 8.2x 54x 17.51% | 82.49% 100% 31.70% 35.81% 32.49% 100%
animate N3XT 8.76% 6.33% 15.09% | 6.33% 3.35% 2.51% 12.19%
Ray trace 64 2D Baseline | 2.2x 8.9x 20x% 61.88% | 38.12% 100% 8.72% 71.88% 19.41% 100%
N3XT 30.94% | 13.37% 4431% | 2.18% 8.90% 0.18% 11.26%
Stream 64 2D Baseline | 4.1x 8.5% 35x% 29.94% | 70.06% 100% 37.44% 27.31% 35.25% 100%
cluster N3XT 14.97% | 9.17% 24.14% | 9.36% 1.38% 1.01% 11.76%
Swaptions | 64 2D Baseline | 4.9x 13.3x 65% 14.12% | 85.88% 100% 26.77% 37.71% 35.52% 100%
N3XT 7.06% 13.20% 20.26% | 6.69% 0.29% 0.52% 7.51%
X264 64 2D Baseline | 2.9% 7.8x 22x% 43.08% | 56.92% 100% 30.59% 50.06% 19.35% 100%
N3XT 21.54% | 13.47% 35.01% | 7.65% 4.50% 0.58% 12.73%
FFT 64 2D Baseline | 10x 15% 150% 13.39% | 86.61% 100% 23.561% | 35.880% | 40.559% | 100%
N3XT 6.693% | 3.298% 9.991% | 4.976% 0.822% 0.841% 6.639%
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APPENDIX D. CONFIGURATIONS FOR THERMAL SIMULATIONS

We summarize in Table A 6 the thermal simulation
parameters for both baseline and N3XT configurations.

Table A 6. Thermal configuration parameters for both Baseline and N3XT

Table A 8. Configurations of the evaluated domain-specific accelerator
systems for both 2.5D and 3D TSV.

2.5D 3D TSV
Main memory 4 GByte off-chip DRAM | 4 GByte on-chip 3D-
connected via 2.5 | stacked DRAM using TSVs

interposer integration

40 pm microbump pitch

5 um TSV pitch

configurations 4 controllers, 1 64-bit | 8 controllers, 1 128-bit
channel per controller channel per controller
Parameter Value HBM interface (1 GHz), | HBM interface (1 GHz),
Baseline Silicon thermal conductivity 130 W/(m.k) FR-FCFS scheduling FR-FCFS scheduling
Silicon specific heat capacitance 1.6x10 J/(m’ k) 51/55 ns read/write (15ns | 51/55 ns read/write (10ns
Back-end-of-line thermal conductivity 12.25 W/(m.k) minimum latency) minimum latency)
Back-end-of-line specific heat capacitance 1.5x10° J/(m? k) 12 pJ/bit read/write 9 pl/bit read/write
Die thickness 50 pm Shared memory 2 MByte silicon SRAM 2 MByte silicon SRAM
N3XT Substrate thickness 20 pm 4 ns read/write 4 ns read/write
Substrate thermal conductivity (silicon) 130 W/(m.k) 0.32 pl/bit read/write 0.32 pJ/bit read/write
Substrate specific heat capacitance (silicon) 1.6x10° J/(m? k) Local memory (for | 256 Byte silicon SRAM 256 Byte silicon SRAM
CNT-to-metal contact thermal conductivity | 3000 W/(m.k) each processing per processing element per processing element
[A17] element) 2 ns read/write 2 ns read/write
CNT-to-dielectric contact thermal conductivity | 0.2 W/(m.k) 0.23 pJ/bit read/write 0.23 pJ/bit read/write
[A17] Compute units 4,096 16-bit processing | 4,096 16-bit processing
CNFET layer thickness 35 nm elements elements
ILV thermal conductivity 400 w/(m.k) 0.5 GHz clock speed 0.5 GHz clock speed
ILV specific heat capacitance 3.85x10° 1.9 pJ/operation 1.9 pJ/operation
J/(m3k)
Interlayer dielectric thermal conductivity 1.1 W/(m.k)
Interlayer dielectric specific heat capacitance 1.5x10° J/(m* k) APPENDIX F. THEORETICAL ANALYSIS OF ENDURER
Interlayer thickness lpm A L . .
Heatsink | Thermal conductance 2x10° W/(m2.k) ENDURER applies a periodic remapping with a random

APPENDIX E. CONFIGURATIONS FOR 2.5D AND 3D-TSV

SYSTEMS

We summarize in Table A 7 and Table A 8 the
architecture specifications of 2.5D- and 3D-TSV-based
configurations CPU-based and accelerator-based systems,
respectively.

Table A 7. Configurations of the evaluated CPU-based systems for both
2.5D and 3D TSV.

2.5D 3D TSV
Main memory 64 GByte off-chip DRAM | 64 GByte on-chip 3D-stacked
connected via 2.5 interposer | DRAM using TSVs

integration

40 pm microbump pitch
16 controllers, 1
channel per controller

FCFS scheduling

128-bit

HBM interface (I GHz), FR-

5 um TSV pitch

64 controllers, 1
channel per controller
HBM interface (I GHz), FR-
FCFS scheduling

128-bit

set associative)

51/55 ns read/write (15ns | 51/55 ns read/write (10ns
minimum latency) minimum latency)
12 pJ/bit read/write 9 pl/bit read/write
L2 shared | 64 MByte silicon SRAM 64 MByte silicon SRAM
cache (8-way | 14 nsread/write 14 ns read/write

1 pJ/bit read/write

1 pJ/bit read/write

cache

L1 local data
(8-way
set associative)

32 KByte silicon SRAM
per processor core

2.3 ns read/write

0.2 pJ/bit read/write

32 KByte silicon SRAM
per processor core

2.3 ns read/write

0.2 pJ/bit read/write

set associative

L1 local | 32 KByte silicon SRAM
instruction per processor core
cache (4-way | 1.5 nsread/write

) | 0.17 pJ/bit read/write

32 KByte silicon SRAM
per processor core

1.5 ns read/write

0.17 pJ/bit read/write

Processor
cores

64 in-order processor cores
1.3 GHz clock speed
0.5 nJ/instruction [Shao13]

64 in-order processor cores
1.3 GHz clock speed
0.5 nJ/instruction [Shao13]

shift and uses a buffer to reduce writes to heavily-accessed
words. We derive an upper bound on the number of writes
each word can experience. Under mild assumptions, we
obtain strong bounds on the performance of the endurance
scheme described in Section VIII.

Proposition 1. Suppose that the random shifts © are
independent and uniformly random in {1,...,M}. Lete = 0

satisfy
2-M-n(%)

eln(1+ ¢) = S~N56

(A1)

Then with probability at least 1 — § over the choice of
the ©, each of the M memory words are written to at most
W*(1+ €) + N times.

Before we prove the proposition, we note that we cannot
hope for a worst-case write count better than W*, since there

are N,, writes total over M words and by definition W* = va

The extra Ny writes are for the wear-leveling shifts that are
performed, each of which causes one extra write per word.
Now we see that the overhead (the multiplicative factor of €)
can approach zero as the buffer size S increases.

Proof of Proposition 1. Fix a particular memory word. Let
X! be a random variable which represents the number of
writes to that word between two consecutive periodic
remapping operations i-/ and i. Thus, the total number of
writes to this word, over the lifetime of the system, is the
random variable Zlivzsl X; + N,. By our assumption that the ©

are independent, the X' are also independent. Further,
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because the @ are uniformly distributed, the expectation of X*
is

. N,y W

ElX']=—F=—

[XT=— N

which is the average number of writes per word between two

remapping operations. Finally, by the observation above

about the maximum total number of writes per word during a

(A2)

shift period, we see that X! < % with probability 1, for all

i=1,..,N;. Thus, the total number of writes to our fixed
word, Zlivzsl X;, is a sum of independent bounded random
variables, and we may apply a multiplicative Chernoff bound
to obtain a bound on the probability that it is too large. We
see that

N

S eln(1+¢)-W*
P ZXl >+ QW <exp| ———5—— |(43)
. (w
=1 2 (NS X S)
Using the definition of W* = N,,,/M, this becomes
Ns
. eln(1+¢€)-S-Ng
P ZX‘ >+ eW*r<expl|-— oM (44)
i=1

Finally, a union bound over all M words establishes that
the number of words written to more than (1 + €)W* + N,
times over the lifetime of the system is at most

u ( eln(1+e)'S~Ns>
. eXp —
2M

(45)

Choosing € as in the statement of the proposition
competes the proof. [

Finally, we pick parameters to instantiate Proposition 1.
If we choose N; =105 as discussed earlier, and € =
1and § = 0.1, then we conclude that the total number of
writes to any word is at most 2 X W* + 10°, provided that
the size of the write-back buffer is at least
2M In(10M)
Sz————
N
then, with probability at least 0.9, the maximum number of
writes for any word over the lifetime of the system is at most
2 X W*+10°. Plugging in a memory size of M = 10°
words (1 GByte capacity per controller) means that we can
choose the size of the write-back buffer to be at most
S=4 x10°

(46)

words and achieve these results. However, this bound is
pessimistic because it assumes worst-case writes during each
between-shift period.
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