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Abstract

The application(domain)s that depend on the large amount of data for solving prob-
lems, e.g., genome sequence analysis, graph analytics, machine learning etc., suffer from
growing overhead of data communication between physically separate logic (i.e., com-
pute) and memory elements in conventional von Neumann computing. The recent
progress in processing(/computing)-in-memory (PIM/CIM) or simply, in-memory com-
puting addresses data communication overhead in these applications by fusing com-
pute capability with memory where the data reside— thereby achieving reduced energy
consumption, and higher application throughput due to access to the higher internal
bandwidth of the memory substrate as compared to the off-chip bandwidth.

In this thesis, we focus on the architecture- and application-level characterizations
of PIM architecture, Computational RAM (CRAM) in particular, for large scale data-
intensive workloads—in terms of opportunities and challenges. We demonstrate the effi-
cacy of CRAM in reducing the communication bottleneck of genomic sequence analysis,
as a representative application domain due to its importance and inherent characteris-
tics that are suitable for PIM-based implementation, by designing various CRAM-based
Hardware (HW) accelerators. The designs cover all architectural aspects such as data
layout, spatio-temporal scheduling of compute, system integration etc.

First, we introduce an in-memory accelerator architecture, BWA-CRAM, for DNA
sequence alignment by direct mapping of state-of-the-art Burrows—Wheeler Aligner algo-
rithm on CRAM. This architecture outperforms corresponding software implementation
in terms of throughput and energy efficiency, even under conservative assumptions.

Next, we improve the performance of DNA sequence (pre-)alignment (and other sim-
ilar, generic pattern matching applications) through HW/SW co-design and introduce
SpinPM, a novel high-density, reconfigurable spintronic in-memory pattern matching
substrate based on CRAM with Spin-Orbit-Torque (SOT)- specifically Spin-Hall-Effect
(SHE) MTJ devices; and demonstrate the performance benefit SpinPM can achieve over

conventional and near-memory processing systems.

iv



Subsequently, we present CRAM-Seq, an accelerator for RNA-Seq abundance quan-
tification based on CRAM. Through HW/SW co-design, we demonstrate that CRAM-
Seq outperforms a commonly used state-of-the-art software abundance quantification
algorithm, Kallisto, in terms of throughput and energy efficiency.

We introduce Content Addressable Memory or CAM, which is very efficient in large
scale pattern matching, functionality in CRAM, next. We present CAMeleon- a novel
compute substrate that leverages the high energy efficiency benefit of CRAM, and is
capable of satisfying very stringent hardware resource (area) budget in embedded/edge
computing applications, e.g., handheld sequencing device. CAMeleon performs CAM
operations more energy-efficiently while consuming less/similar area, and supports logic
and memory functions beyond CAM operations on demand through reconfiguration, as
compared to conventional CAM-only designs based on SRAM and emerging memory
technologies (such as STT-MTJ, ReRAM and PCM).

Finally, we study the impact on applications’ reliability due to mapping on a PIM
substrate, focusing on PIM architectures that perform logic operations directly within
memory arrays, in-situ, obviating any need for data transfers (even to and from the
array periphery), e.g., CRAM. Here we (i) quantitatively characterize gate—flip errors,
an acute class of functional errors specific to such PIM systems, where, due to para-
metric variations, a logic gate can behave as another; and (ii) analyze to what extent

algorithmic noise tolerance can mask gate-flips.
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Chapter 1

Introduction

We are living in an era that is experiencing an unprecedented proliferation of data
generated from most (if not all) facets of our lives and consumed by different analytical
tasks across different application domains. As [4] shows, we have already entered the

era of EB (ExaBytes = 10'® Bytes) data afterward of 2011. For instance:
e In 2013 alone, 153 EB of data were produced from health care industry [5].

e According to [6], the Large Hadron Collider (LHC) experiments generated PB
(PetaBytes = 10'° Bytes) of data per second during the discovery of the elusive
Higgs boson particle back in 2012.

e Modern social media platforms also contribute by generating ~PB of data each
day [1].

The data volume available for different applications are expected to grow in the coming
years. [8] compared the growth of genome sequence (i.e., DNA) data with Moore’s
law [9], and showed that by 2010, sequence data volume was already winning; by 2025,
genome sequence data is expected to outweigh Moore’s law by at least 3 orders of
magnitude [10].

Many application(domain)s, including a significantly high number of emerging ap-
plications, thrive on such abundance in data volume to provide high quality analytical
output. For example, image classification, with real-time constraints, on High-Definition

video streams requires millions of example images and videos to train a classification



2
model [I1I]. RNA-Seq abundance quantification, an important tool for various genomic
studies (e.g., analysis of functionally similar genes in a biological sample) including
medicine research, significantly benefits from high volume of RNA-Seq data generated
by next generation sequencing (NGS) platforms.

The conventional computing model, i.e., von Neumann model, is built on separate
processing elements, e.g., logic and memory units, as shown in Fig. The commu-
nication link that connects the processing and memory units is limited in bandwidth,
and sets up a maximum performance point beyond which the compute system becomes
memory-bound for an application. Such model, although simple, served quite well in
terms of performance for a long time, until the surge in data volume occurred and a

large portion of the workloads for such computing systems became data-intensive.

Processing BW
Unit Limited

(a)

Memory

|Iﬂgk|
BW y N

Processing ;
Unit_— [*Timitea >| o2

A 4

|Memow|

(b)
Figure 1.1: (a) von Neumann and (b) Processing-in-Memory (PIM) models of comput-
ing.

Workloads, that utilize a massive amount of data, require the data to be commu-
nicated between the processing and memory units (i.e., reads/writes from/to memory)
during computation. Such requirement puts pressure on the limited bandwidth between
logic and memory units, making the workloads suffer from waiting for the data trans-
action requests to complete— thereby, reducing performance of the applications. This
memory wall problem gets worse with technology scaling: compared to the energy con-
sumption of a full-precision fused-multiply-add (FMA), an off-chip (64-bit) SRAM load
consumes >50X more energy at 40 nm [12].

Processing-in-Memory (PIM), also known as Computing-in-Memory (CIM) or sim-
ply, in-memory computing is an elegant solution to this data communication bottleneck—

illustrated in Fig. PIM fuses compute capability with the memory unit, thereby
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offering a feature of in-situ processing of the data stored in the memory itself. Such
approach has the benefits of (i) reduction of data communication overhead to/from pro-
cessing unit(s) due to in-place processing of data, (ii) high internal bandwidth available
for use during in-situ data processing, and (iii) high parallelism of the operations within
memory units. The advantages of such unconventional, i.e., non-von Neumann, style
of computing are: reduced energy consumption for applications, particularly for those
with high data usage, and higher application throughput vs. conventional computing.

The idea of PIM has been here from the later part of last century. Due to continuous
benefit from aggressive technology scaling, and lack of compatibility between proposed
PIM architectures and then existing semiconductor based design environments led to
such unconventional model of computing to be mostly ignored, until recently. The
wide-spread availability of big data, increasing pressure exerted on the conventional
computing system by the corresponding data communication overhead and progress
made in the technology compatibility fronts resulted in renewed interest in PIM-based
computing solutions. This not only has opened up a new frontier for general purpose
computing, but also for application(domain)-specific computer, e.g., accelerator, designs
as well.

Reduction in amount of required data movement during execution of data-intensive
workloads through PIM-based implementation presents unique challenges for the people
at the different levels of the systems stack, e.g., architects, application developers etc.
One of the key challenges in adopting PIM at wide-scale is to identify the opportu-
nities in an application to be mapped to a PIM substrate—in order to get the desired
performance boost. It is a crucial decision to be taken whether it is the part(s) or
the full application that is going to be mapped to PIM, depending on architectural
specifications of PIM (type of logic operations that can be performed in-situ), target
performance values for the application and whether the application suffer from memory
bottleneck issue in conventional computers [I3]. Having said that, this is a complex
design-space dependent on architectural fine-tuning and HW/SW co-design approach
to make a data-intensive application suited for mapping on a given PIM architecture—
with the objective of meeting strict performance goals. At the same time, it is also
desired that the application features are intact during HW/SW co-design in order for

the application to not loose its commodity value.
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In this thesis, we explore and evaluate the opportunities for mapping data-intensive
workloads on PIM architectures—particularly, spintronics (e.g., STT-MTJ, SOT- or
SHE-MTJ) based non-volatile PIM. We select computational RAM (CRAM) as a high-
density reconfigurable spintronics-based platform providing true PIM semantics, as op-
posed to most CMOS-based solutions which only deliver processing-near-memory, leav-
ing the highly demanded potential in energy-efficiency untapped [I]. We identify poten-
tial data-intensive workloads and the kernel(s) with the applications to offload to PIM,
keeping in mind the performance improvement goals expected from such mapping. We
focus on architecture- and application-level characterizations of PIM architectures based
on CRAM, in terms of opportunities and challenges. The designs cover various archi-
tectural aspects such as data layout, spatio-temporal scheduling of compute, system
integration, memory footprint optimizations etc. During application mapping, the de-
sign challenges experienced—given the limitations of a PIM architecture, are solved using
custom circuits design and architectural optimizations, as required. As a representative
application domain, genome sequence analysis, is selected which is thriving in recent
times due to abundance of genome sequence data from the advent of Next Generation
Sequencing (NGS) systems, and are essentially pattern matching workloads.

We begin our exploration by introducing BWA-CRAM for accelerating DNA se-
quence alignment at scale. DNA sequence alignment is a powerful bioinformatics tool
that is used in many important applications such as identifying similarity in genome
sequence, comparative modeling of protein etc. BWA-CRAM maps a popular state-of-
the-art sequence alignment tool, Burrows—Wheeler Aligner (BWA), directly (without
no modification to the BWA algorithm itself) to CRAM in order to reduce the costly
data communication overhead during alignment. In effect, such mapping improves the
throughput and energy efficiency of alignment as compared to the software implemen-
tation.

Next, we continue our exploration with the DNA sequence (pre-)alignment applica-
tion and other widely used similar pattern matching applications that are key compu-
tational blocks in many large scale data analytics algorithms, with HW/SW co-design
approach— in order to better utilize the performance benefits offered by CRAM. To this
end, we introduce SpinPM, a PIM substrate based on CRAM and demonstrate the per-

formance benefit SpinPM can achieve over conventional and near-memory processing



systems.

We further investigate another genome sequence analysis application: RNA Se-
quence (RNA-Seq) abundance quantification, which is an important application in dif-
ferent fields of genomic studies, e.g., analysis of functionally similar genes in a biological
sample. Presenting CRAM-Seq, an accelerator architecture for RNA-Seq abundance
quantification algorithm based on CRAM and resulting from HW/SW co-design, we
analyze the impact of such accelerator on the performance of RNA-Seq abundance
quantification.

As pattern matching covers a high number of emerging applications, and alternative
computing models such as content addressable memory or CAM presents itself as a
very efficient way of searching large-scale database with high efficiency, we next intro-
duce CAM functionality to CRAM. To this end, we introduce CAMeleon that addresses
the very stringent hardware resource (area) budget and a need for extreme energy effi-
ciency in embedded/edge computing applications, e.g., handheld sequencing device, by
enabling repurposing (i.e., reconfiguring) HW on demand where the overhead of recon-
figuration itself is subject to the very same tight budgets in area and energy efficiency.
CAMeleon has a similar level of latency to conventional CAM designs based on SRAM
and emerging memory technologies (such as STT-MTJ, ReRAM and PCM), however,
performs CAM operations more energy-efficiently (owing to energy efficient logic oper-
ations in CRAM), consumes less area, and can support traditional logic and memory
functions beyond CAM operations on demand, unlike other CAM designs.

Finally, we study the errors in CRAM to understand the impact of mapping applica-
tions on such a novel substrate. Accordingly, we (i) quantitatively characterize gate-flip
errors, an acute class of functional errors specific to PIM systems similar to CRAM,
where, due to parametric variations, a logic gate can behave as another; and (ii) analyze
to what extent algorithmic noise tolerance can mask gate-flips.

This thesis is organized as follows:

e Chapter 2 briefly presents a high-level comparison between available PIM archi-
tectures in literature, explains the reasoning behind selection of CRAM as the

PIM architecture for this thesis, and the low-level working principle of CRAM.

e Chapter 3 discusses the details of directly mapping a popular DNA sequence



alignment application— Burrows—Wheeler Aligner (BWA) on CRAM.

In Chapter 4, the detailed HW/SW co-design of an accelerator for pattern match-
ing using spintronic CRAM is presented.

Chapter 5 further explores the HW /SW co-design opportunity with an accelerator
for RNA-Seq abundance quantification application.

Chapter 6 extends the CRAM architecture to introduce reconfigurable Content
Addressable Memory (CAM) functionalities in CRAM for energy-efficient opera-

tions at low area and reconfiguration overheads.

Chapter 7 presents an error model, specific to CRAM and similar PIM architec-
tures, to capture the impact on reliability of the applications mapped to CRAM,

due to low-level device and circuits variations.

Finally, Chapter 8 concludes this thesis and provides a high-level discussion on

future research directions.



Chapter 2

PIM Basics

2.1 All the PIM Architectures!

Since the resurgence of PIM as a viable solution to the memory bottleneck for data-
intensive applications, there have a plethora of architectures proposed— ranging from
logic die with 3-D stacked DRAM to more unconventional true in-memory computing
that performs logic with direct involvement of memory cells. Before we can select a
PIM architecture for this thesis, it is mandatory to have an overall insight about the
key architectures and what they bring to the table if adopted for an application. All

available PIM architectures can be grouped into three categories:

e Processing-near-memory (PNM): This refers to designs that are actually variants
of von Neumann computing architectures. These systems have reduced latency
and higher bandwidth to/from memory due to closely placed logic and memory
units. Although this is an improvement, it still suffers from high data movement

overhead and limited bandwidth to access the memory.

e Processing-in-periphery (PIP): This refers to architectures which use peripheral
circuits within the memory arrays, including sense amplifiers (SA), to perform
computation of stored data. While such designs actually improve the data move-
ment problem significantly, use of (CMOS) peripheral and dedicated logic hard-
ware to accomplish logic operations leaves a lot of energy reduction on the plate,

on top of data movement incurred within the array during complex computation



(i.e., sequence of logic operations on data).

e Processing-in-memory (PIM): The true PIM, or simply PIM refers to the archi-
tectures that perform computation using memory cells, and have much lower data
movement overhead when performing complex computations required for an ap-

plication, as compared to PNM or even PIP.

Table lists some significantly studies recent architectures, into the categories
explained above. The relative values are provided with H (=HIGH) or L (=LOW), or

4. These designs are evaluated, qualitatively, in terms of the following:

e Row(/column)-level parallelism refers to the ability of the architecture to support
logic operations along multiple rows/columns simultaneously. The higher, the

better.

e CMOS logic refers to dedicated logic inside the memory array or off-chip to perform

or assist in the computation. It has associated area and energy overheads.

e The designs that use SA to perform computation require change in the design of
SA, as compared to a regular memory array of the same technology. This entails
writing back the data from the output of SA to memory, incurring data movement

overhead.

e Data movement refers to the need to move the data within the array/system
to perform basic logic/arithmetic operations (e.g., 1-bit adder) in an application
mapped to an architecture. For example, NOR operations on a N-bit input and
subsequent NAND operations on the outputs of the previous NOR operations
would require the output of the NOR (first logic op.) to be written back to the
array in an architecture that uses SA based computation. Most real-life applica-
tions, if not all, involve a sequence of logic operations where one logic operation
would operate on the result of the previous logic operations. Therefore, ”data
movement overhead’ actually refers to the overhead of data movement during the
execution of an application mapped to a specific architecture. The lower, the

better.

e #Basic op refers to the range of basic logic operations supported by an architecture
(e.g., AND, OR, NAND, NOR, NOT). The higher, the better.



9

Table 2.1: Comparison between in-memory computing (i.e., PIM) architectures.

Tech. Ref. | Class | Parallelism | CMOS Logic | SA Change | Data Mov. | #Basic Op.
SRAM 15| | PIP H + + H L
16] | PIP H + + H L
2] PIP H - + H L
DRAM 17] | PNM - + - H H
18] | PNM - + - H H
19] | PNM H + - H H
20] | PIP L - - H L
21] | PIP L + H L
ReRAM 22 | PIM L - - L H
23] | PIM L - - H H
24] | PIM L - - L H
FeFET 25| | PIP L + + H L
26| | PIP H + + H L
27 PIP H + + H L
MRAM 23| | PIP 5l + + H L
14] | PIM H - - L H

Considering all relative values, Computational RAM (CRAM) [1])] is the obvious
choice as a true PIM architecture that offers high row/column level parallelism, requires
no CMOS peripheral logic or specially designed SA to perform computation, and conse-
quently, has very low intra-array data movement during computation. It also supports
a wide-range of logic gates, including MAJ(ority) gates on top of basic and universal

gates—rendering it Boolean complete.

2.2 CRAM Basics

2.2.1 Fusing Computation and Memory

In its most basic form, a CRAM array is essentially a 2D arrangement of magneto-
resistive RAM (MRAM) cells. Here we assume 2T (ransistor)1M(TJ) cells with Spin-
Orbit Torque (SOT)- or Spin-Hall Effect (SHE)-MTJ devices, without the loss of gen-
eralityﬂ When compared to the standard MRAM cell, however, the array features an
additional Logic Line (LL) per cell — as indicated in Fig[2.1[(a) and Fig[2.1(b) — to con-
nect cells to perform logic operations. A CRAM cell can operate as a regular MRAM
memory cell or serve as an input/output to a logic gate.

Each MTJ consists of two layers of ferromagnets, termed as pinned and free layers,

separated by a thin insulator. The magnetic spin orientation of the pinned layer is fixed;

"We direct interested readers to literature that use CRAM architectures with 2- and 3-terminal
spintronic devices [T}, 29], for more insight on portability of CRAM-Seq to other cell technologies.
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(a)

Figure 2.1: (a) CRAM cell; (b) 2-input gate formation in the array; (c) 2-input NOR
gate circuit equivalent.

of the free layer, controllable. A heavy metal layer (i.e., the SHE channel) is juxtaposed
with the free layer in SHE-MTJs— in order to separate read and write paths for more
effective optimizations. The SHE channel has a high resistance that brings down the
write current, leading to lower energy consumption. Changing the spin orientation of
the free layer entails passing a (polarized) current through the SHE channel, where the
current direction sets the free layer orientation. The relative orientation of the free
layer with respect to the pinned layer, i.e., anti-parallel (AP) or parallel (P), gives rise
to two distinct MTJ resistance levels, i.e., Rpign and Ry, which encode logic 1 and 0,
respectively.

Memory Configuration: When the array is configured as a memory, the Logic Line
(LL) is active, i.e., connected to a voltage source. In the following, we detail the
configuration for Read Word Line (RWL) and Write Word Line (WWL), considering

various memory operations:

e Data retention: The RWL and WWL are set to 0 to isolate the cells and to prevent
current flow through the MTJ and the SHE channel (which we refer to together as
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the SHE-MTJ).

e Read: RWL is set to 1, to connect each SHE-MTJ to its LL. WWL is set to 0. A
small voltage pulse applied between LL and Bit Select Line (BSL) induces a current
through the SHE-MTJ, which is a function of the resistance level (i.e., logic state),

and which in turn a sense amplifier attached to BSL captures.

e Write: WWL is set to 1 and transistor Th; is switched ON, to connect the SHE
channel to its LL. RWL is set to 0. A large enough voltage pulse (in the order of
the supply voltage) is applied between LL and BSL to induce a large enough current
through LL and the SHE channel to change the spin orientation of the free layer.

Logic Configuration: In logic mode, LL establishes the connection between inputs
and outputs of logic gates. We also distinguish between two sets of BSL: even BSL
(EBSL) and odd BSL (OBSL). These are utilized to connect all cells participating in
computation, on a per column basis, as input and output cells. Such cells may act as
logic gate inputs or outputs, where the only restriction is having all inputs connected
on the same set of BSL, and the output, on the different set. For each CRAM input
cell participating in computation, RWL is set to 1 to connect its MTJ to LL. On the
other hand, for each CRAM output cell participating in computation, WWL is set to 1
to turn the switch Ths on, which in turn connects the corresponding SHE channel to the
LL. A voltage pulse applied between EBSL and OBSL induces a current, dependent on
the resistance levels of input cells, through the SHE channel of the output cell. As an
example, Fig(b) demonstrates the formation of a two input logic gate in the array,
where cells labeled by “0”7, “1”, and “2” correspond to the inputs Ing, Ini, and the
output Out, respectively. The output cell is preset to a known logic value (“0” or “17),
depending on the type of logic operation to perform, by a standard write. Fig(c)
depicts the equivalent circuit: OBSL is grounded; while FBSL is set to voltage V. The
value of Vy determines the current through the input MTJs, Iy and Iy, as a function of
their resistance values Ry and Rq. Each input resistance captures the resistance of the
corresponding SHE-MTJ, whereas the output resistance Ro,; is only the SHE channel
resistance of the output cell. Input and output cells are connected to LL by setting
the respective RWL and WWL to 1 (colored red in Fig. [2.1(b)). Iow = Io + I; flows
through Rpy:. If Ioy: is higher than the critical switching current I..;, it will change
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Ing Ing Out || Ioy = Iop+ 11
0 (Rlow) 0 (Rlow) 1 IOO > Icrit
0 (Riow) 1 (Rhign) | O I < Ierit
1 (Rhigh) O (Riow) | O Iy = In < Ieri
1 (Rpign) 1 (Rhign) | O Iy < Ierit

Table 2.2: 2-input NOR truth table (Out preset = 0).

the free layer orientation of Out’s MTJ, and thereby, the logic state of Out. Otherwise,
Out will keep its previous (preset) state.

We can easily expand this example to more than two inputs. The key observation
is that we can change the logic state of the output as a function of the logic states of
the inputs, within the array. And voltages applied between BSLs of the participating
cells dictate how such functions look like.

Continuing with the example from Figl2.1(b)/(c), let us try to implement an uni-
versal, 2-input NOR gate. Table provides the truth table. Out would be 0 in this
case for all input combinations but Ing = 0, Iny = 0, which incurs the lowest Ry and
R1, and hence, the highest Ipy, = Iop + I;. Let us refer to this value of I, as Iy,
following Table Accordingly, if we preset Out to 0 (before computation starts), and
determine Vj such that Ipy does exceed I..;+, while both I;; and Iy; = I1y do not, Out
would not switch from (its preset value) 0 to 1, for all input combinations but Ing = 0,
Iny =0.

As Boolean gates of practical importance (such as NOR) are commutative, a single
voltage level at the BSLs of the inputs suffices to define a specific logic function. Each
voltage level can serve as a signature for a specific logic gate, along with its preset value.
In the following, we will refer to such as V.. In the example above, Vyute = VNor.
While NOR gate is universal, we can implement different types of logic gates following

a similar methodology for mapping the corresponding truth tables to the CRAM array.

2.2.2 Basic Computational Blocks

We will next introduce basic CRAM computational blocks required in different applica-
tions, including inverters (INV), buffers (COPY), 3-input and 5-input majority (MAJ)
gates, and 1-bit full adders.

INV: INV is a single-input gate. Still, we can follow a similar methodology to the
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NOR implementation (Table : preset output to 0, and define Viyy in a way such
that Iy (1), i.e., the current if the input is 0 (1), is higher (lower) than I..;; such that
the output does (not) switch from the preset 0 to 1. By definition, I; < I applies, as
Ry > Ry. With SOT/SHE-MTJ cells, INV is a non-destructive gate, i.e., input data
does not change due to INV operation, since the required switching current depends
only on SHE channel which is lower than the critical current of MTJ device. However,
in case of STT-MTJ cells, the input cell will inevitably switch due to same current
flowing through the input and output cells. INV therefore is a destructive gate in this
case, which still can be very useful if the input data is not needed in the subsequent
steps of computation. If non-destructive INV is required, INV can be be converted to a

2-input (1 output) INV gate where the additional input is fixed to a logic value, e.g., 0.
COPY: For 1-bit copy, two back-to-back invocations of INV can suffice. A more time

and energy efficient implementation, however, can perform the same function in one
step as follows: Preset output to 1, and define Vopopy in a way such that Iy (1), i.e.,
the current if the input is 0 (1), is higher (lower) than I..; such that the output does
(not) switch from the preset 1 to 0. By definition, I; < Iy applies, as R; > Ry. The

discussion about destructive INV gate also applies here.

MAJ: MAJ gates accept an odd number of inputs, and assign the majority (logic) state
across all inputs to the output. The structure for a 3-input MAJ3 or 5-input MAJ5 gate
is not any different from the circuit structure in Fig. [2.1)(c) except the higher number
of inputs. As an example, Ip,: of the MAJ3 gate assumes its highest value for the 000
assignment of the three inputs — as the resistances of the three inputs, Ry, R1, and Ro,
assume their lowest value for 000.

Any input assignment having at least one 1, gives rise to a lower Ip,; than Iggo; and
having at least two 1s, to an even lower Ip,;. Finally, Ip,: reaches its minimum for the
input assignment 111, for which the inputs assume their highest resistance. Accordingly,
we can preset the output to 1, and define Vjs 453 in a way such that Ip,; remains higher
than I..; if the three inputs have less than two 1s, such that Out switches from the preset
1 to 0, to match the input majority. We can symmetrically define Vjs 45, assuming a

preset of 1.

XOR: XOR is an especially useful gate for comparison, however, a single-gate CRAM
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Step-1: Co = MAJ(Ing, In,,Ci) Step-2: S, = INV(Co) Step-3: S, = COPY(S, Step-4: Sum = MAJ(Ing,In,,Ci,S,S,)

Figure 2.2: Full adder implementation [I]. Output of each gate is depicted in red.

implementation is not possible: In this case we need Out (not) to switch for 00 and 11,
but not for 01 and 10, if the preset is 1 (0). However, due to Ipg > Ip1 = 119 > I11, and
assuming a preset of 1, we cannot let both oy and I1; remain higher than I..;; (such
that Out switches), while Iy; = Ijp remain lower than I..; (such that Out does not

switch). The same observation holds for a preset of 0, as well.

S1: 52: Out=
Ino I’no NOR(InO,Inl) COPY(Sl) TH(I’no,ITll,Sl,SQ)
0 0 1 1 0
0 1 0 0 1
1 0 0 0 1
1 1 0 0 0

Table 2.3: XOR implementation.

We can implement XOR using a combination of universal CRAM gates such as NOR.
Thereby each XOR takes at least 4 steps (i.e., logic evaluations). For pattern matching,
we will rely on a more efficient 3-step implementation (Table :

In Step-1, we compute S;=NOR(Ing,Ini). In Step-2, we perform So=COPY(S).
In the final Step-3, we invoke a 4-input thresholding (TH) function, which renders a 1
only if its inputs contain more than two zeros: Out = TH(Ing,In,,51,52). TH has a
preset of 0, and the operating principle is very similar to the majority gates except that
TH accepts an even number of inputs. We can further optimize this implementation,

and fuse Step-1 and Step-2 by implementing NOR as a two-output gate.
Full Adder: A full adder has three inputs: Ing, Ini, and carry-in C;. The two outputs

are Sum and the carry-out C,. Like other logic functions, we can implement this adder
using NOR gates. However, an implementation based on a pair of MAJ gates reduces
the required number of steps significantly [30]. Fig provides a step-by-step overview:
Step-1: C, = MAJ(Ing,Iny,C;)

Step-2: S1 = INV(Cy)

Step-3: So = COPY(S1)

Step-4: Sum = MAJ(Ing,In;,C;,51,52)
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Step-2 and Step-3 can be done in one step if we construct a 2-output INV gate,
which is fairly straight-forward—thereby reducing the 1-bit addition to a 3-step logic

operation.
2.2.3 Row/ Column-level Parallelism

Depending on specific memory device technology and CRAM architecture, CRAM sup-
ports either row or column-level parallelism. Without the loss of generality, here we
assume column parallelism; the row parallelism also works in the similar way with each
LL spanning along a row.

CRAM can perform only one type of logic function in a column at a time. This
is because there is only one LL that spans the entire column, and any cell within the
column to participate in computation gets directly connected to this LL (Section .

On the other hand, the voltage levels on BSLs determine the type of the logic
function, where each BSL spans an entire column. Furthermore, in each row, each
WWL and RWL — which connect cells participating in computation to LL — span an
entire row. Therefore, all columns can perform the very same logic function in parallel,
on the same set of rows. In other words, CRAM supports a special form of SIMD
(single instruction multiple data) parallelism, where instruction translates into logic
gate/operation; and data, into input cells in each column, across all columns, which
span the very same rows.

Multi-step operations are carried out in each column independently, one step at a
time, while all columns operate in parallel. The output from each logic step performed
within a column stays in that column, and can serve as input to subsequent logic steps
(performed in the same column). All columns follow the same sequence of operations
at the same time. In case of a multi-bit full adder, as an example, the carry and sum
bits are generated in the same column as the input bits, which are used in subsequent
1-bit additions in the very same column.

To summarize, CRAM can have part or all columns computing in parallel, or the
entire array serving as memory. Regular memory reads and writes cannot proceed

simultaneously with computation.



Chapter 3

DNA Sequence Alignment

Acceleration

3.1 Introduction

The evolution in different domains of science and technology, from social networking
to astronomical observation, have brought us into the age of large scale data where
abundance of data are available for analysis to aid in the investigation of wide range
of problems. This presents itself with a new kind of challenge for the conventional
computing since the applications that use large scale data do not scale up well with
such model of computing. Such applications suffer from increased energy consumption
and latency due to high overhead from data movement between physically separate
compute logic and memory. Processing-in-memory (PIM), also known as compute-in-
memory or CiM, is an exciting solution to this issue that fuse the capability to perform
logic operations with the standard memory functionalities — effectively reducing the
separation between compute logic and memory. Moreover, high degree of parallelism,
in form of column or row parallelism in 2-D array of memory cells, can boost the
throughput of in-array or in-situ logic operations. PIM presents opportunity to achieve
better performance, in terms of latency and energy consumption, in comparison to
conventional computing substrates such as CPU or GPU.

The technology of genome sequencing has improved rapidly over the last decade,

generating abundance of data for analysis in different domains of research and precision

16
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medicine, e.g., finding causes for diseases such as cancer and Alzhimer’s. However,
applications that utilize these large scale data suffer from low scalibility associated with
classical Von-Neumann systems due to excessive data movement overhead. Presence
of high number of memory accesses and high degree of parallelism available in these
applications makes them good candidates for PIM based acceleration.

In this chapter we propose an end-to-end PIM accelerator for genomics, BWA-
CRAM, which is based on the spintronic CRAM [14] as the PIM substrate. BWA-
CRAM represents a PIM accelerator for Burrows-Wheeler Transform (BWT) based
DNA short read alignment (BWA). BWT based DNA sequence alignment has become a
standard critical tool for sifting through abundance of sequence data, e.g., DNA, avail-
able from next generation genome sequencing platforms. We provide the architectural
details of BWA-CRAM and characterize the performance in terms of throughput and
energy efficiency of alignment. We also compare the performance against a state-of-
the-art software implementation of BWA and a PIM based DNA sequence alignment
accelerator that uses similar memory technology as BWA-CRAM. In a nutshell, our

contributions in this chapter are:

1. We present an accelerator architecture for an emerging and critical genomic appli-
cation, which by itself represents a key first computational step for many different

types of genomic analysis.

2. In doing so, we significanlty reduce the total required memory footprint utilizing
PIM features.

3. We showcase that even without altering an algorithm designed for a conventional
system (as it is the case for BWA) to better exploit the underlying PIM substrate,

significant performance benefits can be achieved.

The rest of the chapter is organized as follows: Section [3.2] discusses the basics of the
BWA sequence alignment algorithm, with the architectural details of mapping of BWA
in CRAM explained in Section Section and Section [3.5] report the evaluation
setup and outcome of the performance characterization of the accelerator. Finally,

Section [3.6| qualitatively compares other similar approaches available in literature and
Section [3.7] concludes the chapter.
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3.2 Basics

3.2.1 DNA Sequence Alignment

A DNA sequence is a collection of 4 nucleotide base pairs (bp)— (A)denine, (C)ytosine,
(G)uanine and (T)hymine. The sequences of bases are recognized by a sequencing
machine that encodes the sequences using a string of characters from the alphabet
{A,C,G,T}. DNA Sequence alignment is the problem of finding out the location of
highest degree of similarity between a very long sequence— a reference, and an orders
of magnitude shorter sequence— a read. Typical length of a short read is 100bp while
a reference sequence can be in the order of billions of bp. Figure [3.1] shows two reads
aligned with an example reference sequence at two locations. The first read aligned at
it" location of the reference is an exact alignment since all bps in the reference and the
read are same. This is not the case for the second read, since there are some mismatches
between the read and the reference (when aligned at the j** location of the reference),
known as inexact alignment. Finding inexact alignment is similar, in the context of
algorithm, to finding exact alignment, however more expensive in terms of required
computation.

Location 012 ... ith... i
Vbl i ]

Reference TG CCAGIA[TIGAIGICTCGCGIAT|CICITCGA
Reads ATIGAIG GITITIAIC

Figure 3.1: DNA sequence alignment.

3.2.2 BWT based Alignment (BWA)

Burrows—Wheeler Transform or BWT is a data compression technique [31], later adopted
for fast alignment of short DNA reads [32] due to efficient search (alignment) of sub-
strings, i.e., reads, within a very long reference sequenceﬂ The first step in BWA is to
generate a BW'T of the reference, which we will refer to as BWT throughout rest of
this chapter. Figure [3.2] shows the generation of the BWT of an example string. The
string, i.e., reference sequence in this case, is assumed to be terminated with character

“$” where no character in the reference is lexicographically smaller than “$”. As shown

'We refer the interested reader to numerous BWA references from the literature for more detailed
algorithmic discussion.
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in Figure 3.2} all possible cyclic rotations of the reference sequence is created and then
lexicographically sorted based on the first character— residing in the column labeled
by F(irst) in the figure. Since each permutation is of same length, it creates a square
matrix of characters, where the L(ast) column is the BWT of the reference sequence,
and stored as the reference— residing in the column labeled by L(ast) in the figure. Only
BWT is stored in memory.

To perform alignment of short reads, i.e., read sequences, some additional data
structures are required. These include the Occurrence Table (Occ) which records, at
each index in BWT, the number of occurrences of each character in the alphabet of the
reference until that index. Figure illustrates how Occ keeps track of all occurrences
of each character in the alphabet. The second data structure is relatively much smaller
than Occ: Count, that stores the number of lexicographically smaller characters in the
F(irst) column, for each character in the alphabet. Finally, the Suffix Array (SA) stores
the occurrence (index) of suffixes of all characters in the order they appear in the F(irst)
column. Typically, a SA is constructed by generating all suffixes of a sequence, i.e., DNA
reference, before sorting it lexicographically and storing the sorted suffix indices. As a
result, an index in F' refers to the same index in SA. The suffixes of the reference in
Figure are [0] “ATCGAT”, [1] “TCGAT”, 2] “CGAT”, [3] “GAT”, [4] “AT”, [5]
“T” and [6]“$”. Sorting the suffixes in lexicographical order of the first characters also

sorts the corresponding indexes: {6,4,0,2,3,5,1} which is the suffix array of the reference

sequence.
F(iES)t Occ. Suffix
4 _ | Array (SA)
IR Rty | B
i ==
Reference worned |AIT C G OlOI[T Count 0
ATCGAT$ rotations Q';A_ T :0 ] Z Eg Z
GIA[T]S O[1]1[2 3
TIS]A 1[1[1]2] 5
TICIGIA 2111112 1

Figure 3.2: Burrows-Wheeler Transform (BWT) of a reference DNA sequence (the
length is not up-to-scale to ease illustration).
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Figure [3.3] shows an example of how BWA works. BWA searches whether a DNA
read is present in the original reference, by considering one character of the read at a
time in reverse order. In the example, we start with the last character, A, of the read
CGA, and try to find it in BWT which contains two As. The next step is finding the
indices of these two As in F. To this end, we consult the corresponding entries of Occ
and Count tables. From the definition of these tables and BWT, it follows that the
index in F simply is the sum of the entry (for each A in BWT, as read-out) from Occ
and the corresponding entry (for A) from Count. This renders 1+1=2 for the first A;
and 2+1=3, for the second A, respectively. As we start indices of F' from 0, we then
subtract a 1 from these values, arriving at 1 for the first A; 2, for the second A. Then,
we repeat this procedure for the next character in sequence, i.e., G, but this time we
limit our search to the BWT entries which reside at F' indices 1 and 2. Recall that
as F and BWT form the first and last columns of the same square matrix, F' indices
demarcate row indices in BWT, where we perform the character matching at each step.
BWT entries at row indices 1 and 2 are G and 3. Hence, this time there is only one
match in BWT, G — with Occ entry 1 and Count entry 4, which renders an F index
of 144-1=4 for the next search. Finally, we move on to the last character of the read
in reverse order, C, and confine our search to the BWT row corresponding to F index
4, i.e., BWT row index 4, where a C resides. This C indicates a match and resides at
index (row) 14-3-1=3 of F, following the same procedure as before. From the definition
of F, BWT, and SA, it follows that the row of SA demarcated by this last index of F
we identified (i.e., 3) holds the starting location (index) of the read within the original
reference, i.e., 2 — which, as depicted in Figure 3.3 was indeed the case.

To summarize, the alignment of a character is dependent on L(ast), i.e., BWT, to
F(irst) mapping. A character being aligned is first searched in BWT, which identifies
a range for that character in BWT. This range (bound by low and high indices) corre-
sponds to ranks, i.e., order, of that character which is same in both BWT and F(irst) —
e.g., in Figure[3.3] second A in the BWT and the second A in F(irst) correspond to the
same location in the reference sequence. Once the ranks are known, the corresponding
indices in F(irst) are computed. Each such range in F(irst) refers to a range of indices

in BWT for the alignment of next character (in reverse order) in the read.
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Figure 3.3: BWA reverse alignment of DNA read.
3.2.3 Memory Requirement

Among the data structures required to be stored, in addition to the BWT, Occ table
is the largest with the number of entries equal to the length of BWT and each entry
storing 4 multi-bit numbers. To reduce the required memory size, instead of the entire
data structure, we can keep a reduced table where every i*" entry is stored — reducing
the required size by a factor of ¢. This does not compromise the correctness: Since
not all Occ entries are stored, the rank computation during search process can be
performed with the help of additional character matching operations, trading storage
for computation. Figure [3.4] shows an example for i=5, where the rank of a character
A is needed, but the corresponding Occ entry is not stored (marked in red). In this
case, we can sum the number of As, between that index and the index corresponding
to the nearest stored Occ entry (i.e., 2) together with the respective stored Occ entry
(i.e., 253) to derive the rank of that particular A. To reduce computational complexity,
the values of Count table entries are added to sampled Occ table entries — which just

needs to be performed one time for the whole reference.

3.2.4 BWA Algorithm: Putting It All Together

BWA is comprised of two stages: i) alignment of a read and ii) accessing SA when the
alignment is done. In the following, we provide the pseudo-code which formally sum-

marizes the procedure we outlined by the example in the previous section, and which,
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Figure 3.4: Rank calculation with sampled Occ.

at the same time, suits well to the column-parallel CRAM implementation (detailed in
Section . Algorithm (1| captures the steps involved in the first stage. For all char-
acters in a read, in reverse order, the characters are aligned and a set of high (idz_h)
and low (idx_l) indices are computed (by interval function) for each character. This
procedure continues until all characters are aligned. No alignment is found if low index

becomes greater than the high index.

Algorithm 1 Read alignment

1: idxl =0, idx_h =len(BWT) — 1
2: for all characters C'h in the read do
3 idzl = interval(Occlidx_-1/i], Ch,idz_l)

4:  ddx_h =interval(Occlidz_h/i], Ch,idx_h)
5. if idx_l > idx_h then

6: No alignment found

7 end if

8: end for

Algorithm 2 covers the interval function, which has three inputs: nearest sampled
Occ table entry, character to be aligned, and the BWT index (low/high) over which the
character is to be aligned. The rank of input character is computed- as explained in the
previous section, by counting the number of times that input character is found between
the input BWT index and the BWT index corresponding to the input Occ entry. The
COMPARISON operation (line 3) performs character comparison and outputs 1 upon a
match. interval() returns the computed index (through addition of number of character

matches with the corresponding Occ table entry) which is used as (low/high) index for



23
alignment of the next character in the respective read. Recall that, Occ is augmented
with Count entries— no further addition is needed. Here, 7 is the sampling factor for the
reduced Occ table. COMPARISON is essentially a bit-wise operation (as each character

is encoded in multiple bits) which makes the ADD (line 7) a bit-wise operation, as well.

Algorithm 2 interval function

1: num_match=0

2: for all characters char in BWT[idx,idz/i] do
3. if COMPARISON (char,Ch) == 1 then
4: num_match+ =1

5 end if

6: end for

7: return ADD(num_match + Occlidx /i])

In the second stage of the algorithm, after all characters from a read are aligned
through interval function (idz; = idxy), the location of alignment for the respective

read is found by accessing idx; entry in SA.

3.3 High Level Architecture

From a high-level of abstraction, BWA-CRAM is comprised of a number of functional
blocks. Figure [3.5(a) illustrates the overview of the architecture. The core task of
aligning reads through BWT is performed by processing elements (PE), whereas SA
vectors and Sampled SA are used to find the location of alignment once the alignment
is complete. A global controller schedules and orchestrates all operations in BWA-
CRAM. All data necessary for alignment, e.g., BWT, Occ and SSA are generated one
time for a given reference database on a conventional Von-Neumann system and stored
in the BWA-CRAM. The cost of such is amortized over alignment of millions of reads

against that reference database.

3.3.1 Processing Element (PE)

Each PE stores part of the BWT and corresponding entries in the sampled Oce, in
column major order. PEs are designed from a collection of CRAM tiles, i.e., collection

of CRAM cells arranged in 2D with local controller and peripheral to perform memory
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and logic operations. Majority of the tiles store BWT, while others store the sampled
Occ entries. Adjacent tiles are column-wise connected through transistors to perform
computation across tiles. Each PE has its own controller that controls the tiles. Fig-
ure [3.5(b) shows the organization of tiles in a PE. The layout of the BWT in a PE is
captured in Figure (c) Characters in BWT are represented using 2 bits each. Each
tile stores part of the BWT stored by the entire PE with a few rows dedicated to stor-
ing of the alphabet {A,C,G,T}. There are a number of rows allocated, in each tile, for
use in computation: Score (to store the number of character matches) and scratch (for
intermediate steps of computation). The purpose of dividing the stored BWT, in a PE,
over a number of tiles is to utilize the tile-level parallelism as these tiles can perform
computation in parallel. Figure (c) illustrates how a BWT is segmented and stored
in such a tile where (over)underline indicates segments stored in different columns.

PE executes the interval function in the Algorithm [2] that is dependent on character
comparison and addition, both bit-wise operations. During the first stage of alignment,
character comparison is performed between a character from the stored alphabet (which
corresponds to the queried character from the read) and all BWT characters (by bit-wise
XOR) in column(s). The result of the comparison is stored in Score designated rows in
respective column(s). Figure [3.6|illustrates the bit-wise matching of the characters. The
similarity string, in a column, capture the bits in Score designated rows which indicate
how many character matches are there in that particular column for a specific character
being aligned. Next, bit-wise additions over the similarity string bits are performed in
respective column(s) to compute the binary representation of the number of matches,
i.e., population count. In this example illustration, a character C' is being aligned,
therefore C from the alphabet is compared against all BWT characters in column(s).
The output of the comparison is stored and bit-wise added to produce the number of
matches in respective columns. The output of this addition is the rank for the character
being aligned.

The tiles storing the sampled Occ in a PE correspond to the BWT stored in that par-
ticular PE. Specifically, all 4 numbers in a column (in Figure 3.5(d), for 4 characters in
the alphabet, each 32-bit) corresponds an entry of the sampled Occ associated with the
index of the first BWT character stored in that particular column. Figure d) shows

such a tile storing the entries of a sampled Occ where the full Occ is sampled at every
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Figure 3.6: Bit-wise character comparison.

37® BWT character, in this example. Now, to compute the index for the character being
aligned — C, the number stored in Score, i.e., rank and the Occ number corresponding
to character C are bit-wise added which outputs the index for that character.

When a character is scheduled for alignment to a PE, the input (high or low) index
value to interval function is converted to a column index for all tiles in that PE. That is,
only one column performs the logic operation in each PE during alignment. However,
the columns in all tiles are capable of performing logic operations in parallel as well-
hence, the optimization opportunity is there to schedule multiple index computations

to a single PE simultaneously.

3.3.2 Accessing SA

Storing the entire SA requires memory that is proportional to the size of the reference.
For a large reference, it becomes a problem in the context of practical system design.
Here, we show that memory requirement of storing the SA can be reduced by sampling
the SA— sampled SA or SS5A, at regular intervals along the original reference. Although,
SA sampling is not a new idea, the contribution lies in accessing the SSA since not all
entries in the SA are stored. Let’s take a look at the example illustrated in Figure [3.7]
It shows an example BWT and the corresponding F' column along with the original ref-
erence. The suffixes are sampled at every even location {0,2,...} of the original reference.
Now, the length of the SSA and F are different, i.e., a suffix corresponding to an index
on F' might not be stored in SSA. To be able to access such suffixes, a Suffix Vector
(SV) is stored, equal in length to the BWT (or F'), where each bit indicates whether

the suffix value at a particular location along SA is sampled in SSA. In case of a SSA
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access for a suffix that is not stored (corresponding to the second G on BWT, which
is the same as the second G in F'), as shown in Figure the suffix can be computed
by executing the interval function in iteration. At each execution of interval function
(in PE), it returns the F' index of the character that precedes it in the original refer-
ence. Since the suffix array is sampled at every k** location of the original reference,
eventually interval function will return a F' index whose corresponding suffix value is
stored in SSA, with at most k-1 iterations. In this example, after executing interval
function 1 time, SV indicates that the corresponding suffix is stored in SSA. The suffix
value corresponding to the origin index is computed by the bit-wise addition between

the number of times interval function is executed (=1) and the stored suffix value (=2).
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Figure 3.7: Accessing suffix for an index in SSA.
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Figure 3.8: Search for a F' index in SSA.

The SV is stored in a collection of tiles. Each such tile stores a part of the entire SV,
with two rows allocated for performing the check, i.e., bit-wise AND operation, whether
the suffix corresponding to a F' index is stored in the SSA. The first allocated row is for
storing index and the second one stores the result of the bit-wise comparison between

the first row and another row with SV. Figure demonstrates that a query F' index
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is written as logic 1 in the SSA Query row. After the AND operation, the result is
stored in the second allocated row which is read out through standard read mechanism
of CRAM. Similar to the tiles in PE, tiles storing SV are also capable of performing
column parallel logic operations, which is utilized to perform multiple index checks at
the same time. This optimization, as well, directly follows from the basic definitions

and mathematical characteristics of the algorithm.

3.3.3 Global Controller

The global controller is responsible for i) scheduling the characters to PE for alignment
and ii) performing the index check in SV and access SA— once the alignment is complete.
Runtime scheduling: BWA performs alignment through backward search, i.e., in the
reverse order of characters in a read, one character at a time. There are two invocations
of interval computation for each character during alignment which are scheduled to at
most two PEs at the same time- leaving a high number of PEs remaining idle even
though each PE can run in parallel. This hints at opportunity to schedule multiple
characters to PEs, i.e., multiple interval computation at the same time. For this pur-
pose, global controller hosts a runtime scheduler which schedules multiple characters to
PEs simultaneously. Since alignment of each read is sequential, i.e., one character after
another, this translates into scheduling multiple characters from multiple reads. This
involves storing multiple reads concurrently, and dynamically evaluating which charac-
ters can be scheduled together. A straightforward implementation would be to store
a large number of reads, so that the probability of finding and scheduling a minimum
number of characters at the same time is high enough. This comes with a memory
overhead since some additional information, for each read, is required to be stored, e.g.,
next character to schedule, high and low indices from last interval computation.

Index comparison in SV: Although intermediate interval computations during index
comparison in SV are scheduled to PEs, this phase of BWA does not overlap with the
alignment stage, for simplicity of design. A more optimized controller can interleave
interval computations from both stages. For each SSA access, a count value is required
to be updated each time an interval computation is scheduled to a PE. This count
operation is also executed using a CRAM tile that supports multiple count operations

at the same time through addition of a 32-bit value with logic 1 that indicates one



29

iteration of interval computation.

3.3.4 System Interface

The interface between BWA-CRAM and the host is modelled after SpinPM [33]. The
programming interface supports both memory and logic operations, while providing
abstraction between host and alignment steps in BWA-CRAM. Being an accelerator,
BWA-CRAM does not have access to the virtual memory space. The interface is similar

to the loosely-coupled CPU-GPU interface of modern platforms.

3.4 Evaluation Setup

Simulation: Without loss of generality, we consider CRAM with SHE-MTJ for BWA-
CRAM. We evaluate the design by an in-house CRAM simulator that incorporates all
low level details of the system, e.g., energy and latency values of the logic operations
in BWA-CRAM, spatio-temporal scheduling. This tool simulates the design at logic
operation granularity— in order to capture the throughput performance and energy
consumption of BWA-CRAM with the technology parameters listed in Table Ioris
refers to the threshold current, through SHE channel, for the MTJ to switch resistance
state. The peripheral overheads are modeled with NVSIM [34] to extract the row
decoder, mux, precharge, and sense amplifier induced energy and latency overheads.
Parasitics such as temperature effects on wire resistance are incorporated in this model.
All peripheral overheads and the access transistors in each memory cell are modeled at
22-nm (HP) PTM [35].

Dataset: Real human genome [36] is used as the reference and a set of 10 million
reads [37] is used as the DNA reads for BWA-CRAM. The reference genome is 3 x 10°
bp in length while each read is 100 bp long.

PE modelling: The tiles in a PE are assumed to be 128x128 in dimensions. An
array of transistors between adjacent tiles connect the corresponding columns during
computation, when required. The overhead for these transistors are considered in the
simulation. Each PE stores 512x128 characters of BWT reference in 16 tiles. There are
2 additional tiles in each PE for storing the sampled Occ that is sampled at every 512
BWT characters.
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SA storage: The entire SA is sampled every 32 locations from the beginning of the
reference (SSA), and stored in the memory. The resultant memory size is ~358 MB.
To store the bit vector that represents the presence of a particular suffix in the SSA,
a collection of 128x128 tiles are used. Each tile stores 126 vectors, each 128-bit long.
The remaining rows in each tile are used for bit-wise AND operation to check whether
a particular suffix is stored.
Runtime scheduler: The scheduler assumes a default dispatch rate of 1000 characters
, i.e., 1000 read sequences, simultaneously. This is a conservative assumption in that it
represents ~4.37% utilization of the available PEs.
Design sizing: The entire design, with the selected dataset, requires 45777 PE. The
SA is sampled at every 32 suffix position, starting from the beginning of the reference
genome. Considering all memory overheads, i.e., all tiles in all PEs and storage for SSA,
the total memory footprint reaches ~2.3 GB.
Baselines for comparison: For the purpose of performance comparison, a BWA based
DNA sequence alignment software, soap3-dp [38], is considered. soap3-dp represents
the state-of-the-art highly optimized GPU implementation. We also use this software
to validate BWA-CRAM’s correctness. A Tesla K40 GPU is used for running the soap3-
dp without, for a fair comparison, allowing any mismatch during alignment, i.e., exact
alignment with seeding. The seeding algorithm helps pruning the alignment space and
favor the GPU baseline. To demonstrate the performance improvement achieved by
BWA-CRAM, in terms of throughput and energy efficiency, we also consider Align$S [39]-
an PIM BWA DNA sequence alignment accelerator that use Spin Orbit Torque (SOT)-
MRAM as the memory cell technology. However, alignment in AlignS is performed
using dedicated logic circuits, including sense amplifiers and counter circuits, and has
intermediate data movement overhead during alignment- unlike BWA-CRAM. Both

baselines represent the fastest known solutions from the literature.

3.5 Evaluation

The characterization is in terms of two metrics: i) throughput, in K(ilo)Reads/sec,
which represents the rate at which the DNA reads are aligned, and ii) energy efficiency,
in KReads/sec/W, which represents how many DNA reads are aligned by BWA-CRAM
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Table 3.1: Technology parameters.

‘ Parameters ‘ Value ‘
MTJ Type Interfacial PMTJ
MTJ Diameter (nm) 10
TMR (%) 100
RA Product (Qum?) 20
Critical Current I (#A) | 3.0 (SHE Channel)
Switching Latency (ns) 1
Rp (KQ) 253.97
Rap (KQ) 507.94
Rsup (KQ) 64
RTr(m,s. (KQ) 1
Vinv (V) 1.07-1.83
Veory (V) 1.07-1.83
Vior (V) 0.64-0.77
Vanp (V) 0.77-1.02
Virass (V) 0.55-0.62
Virass (V) 0.42:0.45
Vrar (V) 0.44-0.47

per unit of energy. The baselines for comparison are also evaluated in terms of these

metrics.

3.5.1 Performance

The throughput performance of BWA-CRAM is shown in Figure Although GPU,
running soap3-dp, has a fairly high alignment throughput, it suffers from large data
movement overhead between GPU cores and the global DRAM, which is evident in the
throughput value that is much lower than the PIM architectures- AlignS and BWA-
CRAM. Being the true PIM that eliminates intermediate data movement during in-
memory computation, BWA-CRAM outperforms both GPU and AlignS baselines by
49.17X and 1.68X respectively. The relatively modest improvement in comparison to
AlignS is due to the fact that BWA-CRAM performs more in-memory computations
than AlignS. For instance, AlignS uses CMOS peripheral circuitry for some operations,
e.g., counting the number of character match, which is performed in-memory by BWA-
CRAM. Also, there is a computational overhead to search through the SSA for an index,
which contributes toward this relatively smaller throughput improvement.

The energy efficiency of the baselines and BWA-CRAM is illustrated in Figure [3.10
It is no surprise that BWA-CRAM outweighs the GPU baseline by 18025.2X due to

elimination of a significant number of energy hungry and long latency memory accesses.
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Figure 3.9: Throughput comparison of BWA-CRAM (log scale).

Interestingly, as compared to AlignS, BWA-CRAM is ~327X more energy efficient al-
though both AlignS and BWA-CRAM use the similar spintronic memory cell technolo-
gies. This improvement in energy efficiency is the result of not using the peripheral

circuitry to perform in-memory computing, unlike AlignS.
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Figure 3.10: Energy efficiency of BWA-CRAM (log scale).

Figure shows the latency and energy breakdowns of the design. On the latency
front, character comparison operations consume the most latency while addition oper-
ations consume around half of that. Controller consumes least amount of latency. SSA
access latency, including all intermediate computations, takes ~25% of the total latency
of the design. Due to serialized access to SSA memory, it can become a bottleneck with
very large number of reads scheduled to BWA-CRAM simultaneously. Reducing this
bottleneck is possible by careful spatio-temporal scheduling of interval computation
during SA access so that it overlaps with the alignment of next batch of reads, which is

left as a future work. On the energy side as well, a similar pattern holds. The majority
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of the energy is consumed by the character comparison operations. The next highest
energy consuming component is the controller- taking up ~20% of the energy due to
CMOS based implementation. Both latency and energy components corresponding to

reading out of index from PE, after interval computation is complete, are less than 2%.

Char comp. 47.94%

Char comp. 74.3%

SSA 0.163%

Add 23.78% Controller 18.2%

Controller 2.73%

(a) (b)

SSA 24.07%
Add 7.29%

Figure 3.11: Breakdown of (a) latency and (b) energy.

3.5.2 Impact of Runtime Scheduler

The throughput performance reported here corresponds to a specific number of reads,
conservatively assumed, scheduled to BWA-CRAM by the runtime scheduler. A more
optimized scheduler would increase the throughput performance manyfold. Figure [3.12
captures the impact on performance as more characters (reads) are scheduled simulta-
neously to BWA-CRAM (X-axis captures increasing number of characters scheduled to
BWA-CRAM). As the intuition suggests, the throughput performance increases almost
linearly as more characters are scheduled simultaneously. As for energy efficiency, it
tends to drop a little due to sequential SA access by BWA-CRAM posing as a serial
bottleneck.
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Figure 3.12: Impact of simultaneous scheduling of characters.
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However, more reads handled by the scheduler translates into higher memory re-
quirement for context storage. Context is the additional information related to a stored
read, e.g., the last character from the read to be scheduled to BWA-CRAM, the cur-
rent low and high index values for a character. Figure shows how the context
memory requirement scales as more characters are scheduled to BWA-CRAM. Here, we
conservatively assume that during runtime, only 10% of the stored reads will have one
character each of which can be scheduled to BWA-CRAM simultaneously. The corre-
sponding storage requirement increases with that, although, with up to 10K characters

scheduled, i.e., 100K read contexts stored, the context storage requirement is <1MB.
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Figure 3.13: Trade-off between BWA-CRAM throughput and required memory for con-
text storage.

3.5.3 Design Size

The memory footprint used by BWA-CRAM is ~2.3 GB, roughly 25% of that by
AlignS [39], largely due to sampling of SA. Figure illustrates the distribution of the
memory requirements for BWA-CRAM. Unsurprisingly, the majority of the memory is
used to store the BWT of the reference DNA sequence and the corresponding overhead
for in-memory computation, i.e., PE. The rest of the memory stores the SSA and the SA
vector. In comparison to the SA, this represents a reduction of ~93%, at the expense of
additional computation in BWA-CRAM. The size of the SSA can be reduced further,

with more computation during the SA access stage of the alignment.
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BWT 30.77%

Compute 38.46%

SA Vector 15.38%

Suffix Array 15.38%

Figure 3.14: Memory footprint breakdown of BWA-CRAM.

3.5.4 Inexact Alignment

Although, the current design of BWA-CRAM supports only exact alignment, it can be
extended to include inexact alignment as well- at the expense of more computation.
Specifically, it involves executing interval function recursively to generate SA intervals
that matches a given read with no more than allowed number of mismatches or gaps.
The changes required in the design is, mainly, on the scheduling side.

As an example, we implemented such an BWA-CRAM design that allows up to
2 mismatches during alignment. This design exhibits >7X improvement in alignment
throughput over SOAP3-dp while maintaining 1820.5X better energy efficiency. Re-
call that BWA-CRAM does not feature seeding, as opposed to the GPU baseline. If
we augmented BWA-CRAM with a seeding algorithm to prune the alignment space,

throughput improvement would be even higher.

3.6 Related Work

There is a significant amount of research in DNA sequence alignment due to its critical-
ity and importance in genomics. BW'T represents the current state-of-the-art, and has
been adopted by a number of software based solutions such as Bowtie(2) [40}, 41] and
BWA [32,42]. Apart from the software solutions intended for CPU and GPU platforms,
different hardware accelerator designs exist, as well. Most relevant hardware solutions
to BWA-CRAM rely on reconfigurable or exotic computing substrates, including near-
memory and PIM. MEDAL [43], a near-memory processing architecture based on mature

DRAM technology, accelerates DNA seeding algorithm that performs FM-index based
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exact match between the read and the reference. FPGA based implementations of high-
throughput DNA sequence alignment [44] 45] typically incur orders of magnitude higher
power consumption than BWA-CRAM, where FPGA based accelerators at cloud scale
are reported to achieve significant speed-up [46]. The exotic race logic based dynamic
programming accelerator [47] and resistive Content-Addressable-Memory (CAM) based
design [48] both target the Smith-Waterman algorithm, to identify similarity between
strings of comparable length. [49], a 3D-ReRAM based alignment accelerator, targets
another popular alignment algorithm — Basic Local Alignment Search Tool (BLAST).
The resistive memory (ReRAM) based PIM that accelerates BWA-based alignment [50],
on the other hand, is significantly slower than BWA-CRAM. Finally, [33] covers a ba-
sic CRAM design for large scale string matching, but does not provide an end-to-end

solution to the DNA sequence alignment problem.

3.7 Conclusion

DNA sequence alignment has become an integral part of genomics in recent years owing
to the availability of high volume of DNA sequence data. Analyzing such large scale
data in conventional computing systems is not efficient due to data movement overhead
between compute logic and memory. PIM has emerged as an alternative computing
paradigm for such applications. In this chapter, we map BWT based DNA sequence
alignment (BWA) to SHE-MTJ based Computational RAM (CRAM) substrate to ac-
celerate DNA read alignment with low energy consumption. We show that the CRAM
based architecture, BWA-CRAM, outperforms the GPU and PIM baselines, in terms
of alignment throughput and energy efficiency, even under conservative assumptions.
Furthermore, we show that reduction of large data structures (required for BWA) is

also possible using in-memory computing features of CRAM.



Chapter 4

Spintronic Pattern Matching

4.1 Introduction

Emerging spintronic technologies show remarkable versatility for the tight integration
of logic and memory. This chapter introduces a high-density, reconfigurable spintronic
in-memory compute substrate for pattern matching, SpinPM, which fuses computation
and memory by using Spin-Orbit-Torque (SOT) — specifically, Spin-Hall-Effect (SHE) —
as the switching principle to perform in-situ computation in spintronic memory arrays.
The basic idea is adapting Computational RAM (CRAM) [14] to add compute capability
to the magnetic tunnel junction (MTJ) based memory cell [51, 52], without breaking the
array regularity. Thereby each memory cell can participate in gate-level computation
as an input or as an output. Computation is not disruptive, i.e., memory cells acting
as gate inputs do not loose their stored values.

SpinPM can implement different types of basic Boolean gates to form a function-
ally complete set, therefore there is no fundamental limit to the types of computation.
Each column in an SpinPM array can have only one active gate at a time, however,
computation in all columns can proceed in parallel. SpinPM provides true in-memory
computing by reconfiguring cells within the memory array to implement logic functions.
As all cells in the array are identical, inputs and outputs to logic gates do not need to
be confined to a specific physical location in the array. In other words, SpinPM can

initiate computation at any location in the memory array.
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Pattern matching is at the core of many important large-scale data analytics appli-
cations, ranging from bioinformatics to cryptography. The most prevalent form is string
matching via repetitive search over very large reference databases residing in memory.
Therefore, compute substrates such as SpinPM, that collocate logic and memory to
prevent slow and energy-hungry data transfers at scale, have great potential. In this
case, each step of computation attempts to map a short character string to (the most
similar substring of) an orders-of-magnitude-longer character string, and repeats this
process for a very large number of short strings, where the longer string is fixed and
acts as a reference.

In this chapter we detail the end-to-end design of the SpinPM accelerator for large-
scale string matching. The design covers device, circuit and SpinPM architecture level
details, including the programming interface. We evaluate SpinPM using representative
benchmarks from emerging application domains to pinpoint its potential and oppor-
tunities for optimization Specifically, Section [£.2] introduces a SpinPM implementation
for pattern (string) matching; Sections and Section provide the evaluation; Sec-
tion [4.5] compares and contrasts SpinPM to related work; and Section [4.6] concludes the

chapter.

4.2 Spintronic Pattern Matching

Pattern matching is a key computational step in large-scale data analytics. The most
common form by far is character string matching, which involves repetitive search
over very large databases residing in memory. Therefore, compute substrates such as
SpinPM, that collocate logic and memory to avoid the latency and energy overhead of
expensive data transfers, have great potential. Moreover, comparison operations domi-
nate the computation, which represent excellent acceleration targets for SpinPM. As a
representative and important large-scale string matching problem, in the following, we
will use DeoxyriboNucleic Acid (DNA) sequence pre-alignment [53] as a running exam-
ple without loss of generality, and expand SpinPM’s evaluation to other string matching
benchmarks in Section [4.4l

At each step, DNA sequence pre-alignment tries to map a short character string

to (the most similar substring of) an orders-of-magnitude-longer character string, and
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repeats this process for a very large number of short strings, where the longer string
is fixed and acts as a reference. For each string, the characters come from the alpha-
bet A(denine), C(ytosine), G(uanine), and T(hymine). The long string represents a
complete genome; short strings, short DNA sequences (from the same species). The
goal is to extract the region of the reference genome to which the short DNA sequences
correspond to. We will refer to each short DNA sequence as a pattern, and the longer
reference genome as reference.

Aligning each pattern to the most similar substring of the reference usually involves
character by character comparisons to derive a similarity score, which captures the
number of character matches between the pattern and the (aligned substring of the)
reference. Improving the throughput performance in terms of number of patterns pro-
cessed per second in an energy-efficient manner is especially challenging, considering
that a representative reference (i.e., the human genome) can be around 10° characters
long, that at least 2 bits are necessary to encode each character, and that a typical pat-
tern dataset can have hundreds of millions patterns to match [54], where SpinPM can
help due to reduced data transfer overhead and (column) parallel comparison/similarity
score computations.

By effectively pruning the search space, DNA pre-alignment can significantly ac-
celerate DNA sequence alignment — which, besides complex pattern matching in the
presence of errors, include pre- and post-processing steps typically spanning (input)
data transformation for more efficient processing, search space compaction, or (out-
put) data re-formatting. The execution time share of pattern matching (accounting for
possible complex errors in patterns and the reference) can easily reach 88% in highly
optimized GPU implementations of popular alignment algorithms [55] E In the follow-
ing, we will only cover basic pattern matching (which can still account for basic error
manifestations in the patterns and the reference) within the scope of pre-alignment.

Mapping any computational task to the SpinPM array translates into co-optimizing

'For this implementation of the common Burrows-Wheeler-Aligner (BWA) algorithm, the time share
of the pattern matching kernel, inexact_match_caller, increases from 46% to 88%, as the number of base
mismatches allowed (an input parameter to the algorithm) is varied from one to four (both representing
typical values).
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the data layout, data representation, and the spatio-temporal schedule of logic opera-
tions, to make the best use of SpinPM’s column-level parallelism. This entails distribu-
tion of the data to be processed, i.e., the reference and the patterns, in a way such that
each column can perform independent computations.

The data representation itself, i.e., how we encode each character of the pattern
and the reference strings, has a big impact on both the storage and the computational
complexity. Specifically, data representation dictates not only the type, but also the
spatio-temporal schedule of (bit-wise) logic operations. Spatio-temporal scheduling, on
the other hand, should take intermediate results during computation into account, which
may or may not be discarded (i.e., overwritten), and which may or may not overwrite

existing data, as a function of the algorithm or array size limitations.
4.2.1 Data Layout & Data Representation

We use the data layout captured by Fig. by folding the long reference over multiple
SpinPM columns. Each column has four dedicated compartments to accommodate a
fragment of the folded reference; one pattern; the similarity score (for the pattern when
aligned to the corresponding fragment of the reference); and intermediate data (which
we will refer to as scratch). The same format applies to each column, for efficient

column-parallel processing. Each column contains a different fragment of the reference.

Folded Reference Patterns Simil. Score Scratch

coll

col 2

col 3

I2)
=X
=2

Figure 4.1: Data layout per SpinPM array.
We determine the number of rows allocated for each of the four compartments,

as follows: In the DNA pre-alignment problem, the reference corresponds to a genome,
therefore, can be very long. The species determines the length. As a case study for large-

scale pattern matching, in this chapter we will use approx. 3x10% character-long human
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genome. Each pattern, on the other hand, represents the output from a DNA sequencing
platform, which biochemically extracts the location of the four characters (i.e., bases) in
a given (short) DNA strand. Hence, the sequencing technology determines the maximum
length per pattern, and around 100 characters is typical for modern platforms processing
short DNA strands [56]. The size of the similarity score compartment, to keep the
character-by-character comparison results, is a function of the pattern length. Finally,
the size of the scratch compartment depends on both the reference fragment and pattern
length.

While the reference length and the pattern length are problem specific constants, the
(reference) fragment length (as determined by the folding factor), is a SpinPM design
parameter. By construction, each fragment should be at least as long as each pattern.
The maximum fragment length, on the other hand, is limited by the maximum possible
SpinPM column height, considering the maximum affordable capacitive load (hence,
RC delay) on column-wide control lines such as BSL and LL. However, column-level
parallelism favors shorter fragments (for the same reference length). The shorter the
fragments, the more columns would the reference occupy, and the more columns, hence
regions of the reference, would be “pattern-matched” simultaneously.

For data representation, we simply use 2-bits to encode the four (base) characters,

hence, each character-level comparison entails two bit-level comparisons.
4.2.2 Proof-Of-Concept SpinPM Design

At the column-level, Algorithm [3|captures two computational phases in SpinPM: match,
i.e., aligned bit-wise comparison and similarity score computation. As each column
performs the very same computation in parallel, in the following, we will detail column-

level operations.
In Algorithm [3] len(fragment) and len(pattern) represent the (character) length of

the reference fragment and the pattern, respectively; and loc, the index of the fragment
string where we align the pattern for comparison. The computation in each column
starts with aligning the fragment and the pattern string, from the first character location
of the fragment onward. For each alignment, a bit-wise comparison of the fragment and
pattern characters comes next. The outcome is a len(pattern) bits long string, where

a 1 (0) indicates a character-wise (mis)match. We will refer to this string as the match
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Algorithm 3 2-phase pattern matching at column-level

loc=0

while loc < len(fragment)—len(pattern) do
Phase-1: Match (Aligned Comparison)
align pattern to location loc of reference fragment;
(bit-wise) compare aligned pattern to fragment
Phase-2: Similarity Score Computation
count the number of character-wise matches;
derive similarity score from count
loc + +

end while

string. Hence, the number of 1s in the match string acts as a measure for how similar
the fragment and the pattern are, when aligned at that particular character location
(loc per Algorithm (3)).

A reduction tree of 1-bit adders counts the number of 1s in the match string to
derive the similarity score. Once the similarity score is ready, next iteration starts.
This process continues until the last character of the pattern reaches the last character

of the fragment, when aligned.

Phase-1 (Match, i.e., Aligned Comparison): Each aligned character-wise compar-
ison gives rise to two bit-wise comparisons, each performed by an 2-input XOR gate.
F ig provides an example, where we compare the base character ‘A’ (encoded by
‘00”) of the fragment with the base character ‘A’ (i), and ‘T’ (encoded by ‘10%) (ii), of
the pattern. A 2-input NOR gate converts the 2-bit comparison outcome to a single bit,
which renders a 1 (0) for a character-wise (mis)match. Recall that a NOR gate outputs
a 1 only if both of its inputs are 0, and that an XOR gate generates a 0 only if both of
its inputs are equal. The implementation of these gates follows Section [2.2.2]

SpinPM can only have one gate active per column at a time (Section . There-
fore, for each alignment (i.e., for each loc or iteration of Algorithm 3], such a 2-bit
comparison takes place len(pattern) times in each column, one after another. Thereby
we compare all characters of the aligned pattern to all characters of the fragment, before
moving to the next alignment (at the next location loc per Algorithm . That said,
each such 2-bit comparison takes place in parallel over all columns, where the very same

rows participate in computation.

Phase-2 (Similarity Score Computation): For each alignment (i.e., iteration of
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Figure 4.2: Aligned bit-wise comparison (a), and adder reduction tree used for similarity

score computation (b).

Algorithm , once all bits of the match string are ready — i.e., the character-wise
comparison of the fragment and the aligned pattern string is complete for all characters,
we count the number of 1s in the match string to calculate the similarity score. A
reduction tree of 1-bit adders performs the counting, as captured by Fig[4.2b] with the
carry and sum paths shown explicitly for the first two levels. The top row corresponds
to the contents of the match string; and each @, to a 1-bit adder from Section [2.2.2
len(pattern), the pattern length in characters, is equal to the match string length in
bits. Hence, the number of bits required to hold the final bit-count (i.e., the similarity
score) is N = |loga[len(pattern)]| + 1. A naive implementation for the addition of
len(pattern) number of bits requires len(pattern) steps, with each step using an N-bit
adder, to generate an NN-bit partial sum towards the N-bit end result. For a typical
pattern length of around 100 [56], this translates into approx. 100 steps, with each step
performing a N = 7 bit addition. Instead, to reduce both the number of steps and
the operand width per step, we adopt the reduction tree of 1-bit adders from Fig/4.2b]
Fach level adds bits in groups of two, using 1-bit adders. For a typical pattern length
of around 100 [56], we thereby reduce the complexity to 188 1-bit additions in total.
Alignment under basic error manifestations in the pattern and the reference is also
straight-forward in this case. For DNA sequence alignment, the most common errors

take the form of substitutions (due to sequencing technology imperfections and genetic



44
mutations), where a character value assumes a different value than actual [57, 58, 59, 60].
We can set a tolerance value ¢ (in terms of number of mismatched characters) based
on expected error rates and pass an alignment as a “match” if less than ¢ characters

mismatch.

Assignment of Patterns to Columns: In each SpinPM array we can process a given
pattern dataset in different ways. We can assign a different pattern to each column,
where a different fragment of the reference resides, or distribute the very same pattern
across all columns. Either option works as long as we do not miss the comparison of
a given pattern to all fragments of the reference. In the following, we will stick to
the second option, without loss of generality. This option eases capturing alignments
scattered across columns (i.e., where two consecutive columns partially carry the most
similar region of the reference to the given pattern). A large reference can also occupy
multiple arrays and give rise to scattered alignments at array boundaries, which column
replication at array boundaries can address.

Many pattern matching algorithms rely on different forms of search space pruning
to prevent unnecessary brute-force search across all possibilities. At the core of such
pruning techniques lies indexing the reference, which is known ahead of time, in order to
direct detailed search for any given pattern to the most relevant portion of the reference
(i.e., the portion that most likely incorporates the best match). The result is pattern
matching at a much higher throughput. SpinPM, as well, features search space pruning
for efficient pattern matching. The idea is chunking each pattern and the reference into
substrings of known length, and creating a hash (bit) for each substring. Thereby, both
the pattern and the reference become bit-vectors, of much shorter length than their
actual representations. Search space pruning in SpinPM simply translates into bit-wise
comparison of each pattern bit-vector to the (longer) reference bit-vector, within the
memory array, in a similar fashion to the actual full-fledged pattern mapping algorithm,
considering all possible alignments exploiting SpinPM’s massive parallelism at the col-
umn level. Thereby we eliminate unnecessary attempts for full-fledged matching (using

actual data representation and not hashes).
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4.3 Evaluation Setup

Simulation Infrastructure: Without loss of generality, we consider CRAM with SHE-
MTJ for SpinPM. We developed a step-accurate simulator to capture the throughput
performance and energy consumption of SpinPM based pattern matching as a function
of the technology parameters. We model the peripheral circuitry using NVSIM [34]
to extract the row decoder, mux, precharge, and sense amplifier induced energy and
latency overheads at 22nm. NVSIM captures parasitic effects such as the temperature
impact on wire resistance and contribution of drain-to-channel capacitance in the drain
capacitance.

Technology Parameters: Table provides technology parameters for a representa-
tive SHE-MTJ and a more conventional Spin-Torque-Transfer (STT)-MTJ (near-term
and projected long-term) based implementations. The critical current I..;; refers to an
MTJ switching probability of 50%, which would incur a high write error rate (WER).
To compensate, when deriving gate latency and energy values, we conservatively assume
a 2x (5x) larger I..; for the near (long) term STT-MTJ technology. The correspond-
ing value for SHE-MTJ is by definition lower due to Spin-Hall-Effect based switching.
The long-term STT specification is based on projections from literature [61]. SHE-MTJ
specification comes from [62]. We model access transistors after 22nm (HP) PTM [35].

Array Size & Organization: It is evident that, depending on the pattern matching
problem at hand, we might need SpinPM arrays ranging from modest to very large in
size. The thought provoking issue here is how to deal with sufficiently large arrays as it
might restrict the design space, considering fabrication and circuit-level-design related
limitations. As an example, the proof-of-concept implementation requires 300 arrays of
10K columns and around 2K rows each for the string matching case study from genomics.
This renders a total size of roughly 24Mb per array, which is not excessively large. Still,
the fabrication technology might not be mature enough to synthesize such an array.
Commercial MRAM manufacturers address this challenge by banking. For example,
EverSpin [66] uses 8 banks in its 256 Mb (32Mb x8) MRAM product. Distributing
array capacity to banks helps satisfy the latency and energy requirement per access,
as well. For SpinPM based pattern matching, we too are inclined to use a hierarchy

of banks, to enhance scalability. While a clever data layout, operation scheduling and



Table 4.1: Technology parameters.

SHE STT STT
Near-term | Long-term
MTJ Type Interfacial PMTJ
MTJ Diameter (nm) 10 45 10
TMR (%) 100 133 [63] 500
RA Product (Qum?) 20 5 1 [64]
Critical Current I..;x (nA) | 3.0 (SHE) 100 3.95
3.9 (MTJ)

Switching Latency (ns) 1 3 [65] 1 [63]
Rp (KQ) 253.97 3.15 12.7
Rap (KQ) 507.94 7.34 76.39
Rspyr (KQ) 64 - -
Write Latency (ns) 1.72 3.65 1.72
Read Latency (ns 1.24 1.21 1.24
Write Energy (fJ) 0.4 12.41 2.62
Read Energy (fJ) 0.29 0.29 0.29
Vinv (V) 1.05-1.81 0.84-1.3 0.23-0.48
Veory (V) 1.05-1.81 0.84-1.3 0.23-0.48
Vnor (V) 0.62-0.75 0.68-0.74 0.20-0.22
Varass (V) 0.53-0.61 | 0.650.69 | 0.20-0.21
Varass (V) 0.40-0.43 | 0.61-0.62 | 0.19-0.20
Vru (V) 0.43-0.46 0.62-0.63 0.19-0.20
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parallel activation of banks can mask the time overhead, the energy and area overhead
would be largely due to replication of control hardware across banks. The most straight-
forward option for banked SpinPM would be to treat each bank simply as an individual
array which would map even shorter fragments of the reference to patterns from the

input pattern dataset.

Search Space Pruning: Without loss of generality, we use GRIM filter [67] to convert
the patterns and the reference to bit-vectors. Except bit-vector generation, all opera-
tions (including bit-vector mapping) are implemented entirely in SpinPM arrays. We
assume dedicated logic for bit-vector generation and synthesize it in 22nm to extract
the energy and time overheads. We account for the overhead of search space prun-
ing throughout the evaluation, which spans bit-vector generation and matching in the

SpinPM arrays.

Benchmarks: We evaluate SpinPM using four pattern matching applications (which
also include common computational kernels for pattern matching such as bit count),
besides the running example of DNA sequence pre-alignment throughout the chapter.

Table tabulates these applications along with the corresponding problem sizes.
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Table 4.2: Benchmark applications.

Problem Pattern Sub-Array
Benchmark Size Length Size
DNA 3G char. 100 char. 512x512
Bit count 1000000 32-bit vectors 1-bit 512x512
String Matching 10396542 words 10 char. string 512x512
Rivest Cipher 4 10396542 words 248 bit 512x512
Word count 1471016 words 32 bits 512x512

DNA sequence pre-alignment (DNA) is our running case study throughout the chap-
ter.We use a real human genome, NCBI36.54, from the 1000 genomes project [36] as
the reference, and 3M 100-base character long real patterns from SRR1153470 [68].
Bit count (BC) [69] counts the number of ones in a set of vectors of fixed length. This
includes addition of bits in the vectors and the subsequent addition of all individual
counts. The input vectors are mapped to the columns of SpinPM to exploit parallelism.
String Match (SM) [70] matches a search string with a pre-stored reference string to iden-
tify the part of the reference of highest or lowest similarity. Space separated string seg-
ments and the search substring (which forms the pattern) itself are mapped to SpinPM
columns such that all searches are performed in parallel.

Rivest Cipher 4 (RC/) is a popular stream cipher. Upon generating a cipher key, i.e.,
a string, it performs bitwise XOR on the cipher key and the text to cipher. The same
key is used to decipher the text, as well. Segments of input text and the cipher key are
mapped to SpinPM columns.

Word Count (WC) [70] counts the number of occurrence of specific words in an input
text file, through word matching. The words are mapped to SpinPM columns along

with search words, and the word matching in each column is executed concurrently.

Baselines for comparison: For evaluation, we use Near-Memory-Processing (NMP)
and SpinPM-STT baselines. Since both NMP and STT baselines would outperform a
GPU baseline comfortably, GPU is not considered as a baseline for evaluation.

NMP Baseline: For NMP based pattern matching, we use an HMC model based on pub-
lished data [71], which covers memory and logic layers, and communication links. To
favor the NMP baseline, we ignore the power required to navigate the global wires be-
tween the memory controller and the logic layer, and intermediate routing elements. For

logic layer, we consider single issue in-order cores, modeled after ARM Cortex A5 [72]
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with 1GHz clock and 32KB instruction and data caches. We first consider a total of
64 cores to provide parallel processing. For communication, we assume an HMC-like
configuration with four communication links operating at their peak frequency of 160
GB/s. To derive the throughput performance, we use the same reference and input
patterns to profile each benchmark. We then use the instruction and memory traces to
calculate the throughput. We validated this model through CasHMC [73] simulations.
For reference, we also include a hypothetical NMP variant which includes 128 cores in
the logic layer, and incurs zero memory overhead.
SpinPM-STT Baseline: To demonstrate the effect of different cell technologies, we also
use an STT-MRAM based SpinPMimplementation as a baseline for comparison. STT-
MTJ based SpinPM(SpinPM-STT) performs logic operations following the same prin-
ciple as the SHE-based (SpinPM-SHE) implementation, however, transposed [I].

4.4 FEvaluation

We next characterize benchmark applications, in terms of match rate and compute
efficiency, when mapped to SHE-based SpinPM (SpinPM-SHE). We use match rate
(in terms of number of patterns processed per second) for throughput; match rate per
milliwatt, for compute efficiency. Fig[4.3a] depicts the match rates for SpinPM-SHE
normalized to four baselines: NMP, a hypothetical variant of NMP with no memory
overhead (NMP-Hyp), and two variants of STT-based SpinPM (near term SpinPM-
STT and projected SpinPM-STT) respectively. Overall, we observe that, SpinPM-SHE
outperforms NMP baselines in all benchmark applications. Moreover, in comparison to
near-term SpinPM-STT, SpinPM-SHE shows a significant improvement in throughput
performance and compute efficiency. All applications have smaller improvement w.r.t.
NMP-Hyp as compared to NMP, since NMP-Hyp has no memory overhead and hence
has a much higher match rate than NMP to start with.

Fig[4.3b] depicts the outcome for compute efficiency. Generally we observe a similar
trend to match rate, with all benchmarks (but BC) featuring > 2x improvement even
w.r.t. the ideal baseline NMP-Hyp. Overall, BC shows the least benefit in compute
efficiency w.r.t. NMP-Hyp, since BC has a lower compute to memory access ratio and

eliminating memory overhead greatly improves the NMP-Hyp throughput and compute
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Figure 4.3: Throughput and energy efficiency of SpinPM-SHE.
efficiency.

SpinPM-SHE performs significantly better, in terms of match rate and compute
efficiency, than near term SpinPM-STT due to smaller switching latency and energy
consumption. Moreover, the match rate and compute efficiency of SpinPM-SHE are

quite close to that of projected long-term STT-MTJ based implementations.
4.4.1 Impact of Process Variation

We conclude the evaluation with a discussion on the impact of process variation, which,
due to imperfections in manufacturing technology, may result in significant deviation in
device parameters from their expected values. Both access transistors and the SHE-MTJ
in an SpinPM cell are subject to process variation. Since access transistors are fabricated
using the relatively more mature CMOS technology, the effect of process variation is far
less dominating than in its initial years. Being a relatively new technology, MTJ devices
are more susceptible to process variation, which directly affects critical parameters such
as switching current and switching latency. However, as MTJ technology matures, it is
likely that it too will be able to reduce the impact of process variation.

One concern is variation in critical switching current, which can directly translate
into variation in bias voltages on bit select lines, i.e., Vjute, which determines the gate
type. However, different SpinPM gates featuring close V4. values (and hence may be
subject to this type of variation) are usually distinguished either by a different value of
the preset or a different number of inputs, which makes it unlikely that the gate functions
would overlap with each other as a result of variation. We validated this observation

assuming a variation in switching current by +5%,+10% and +20%, respectively, for
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all evaluated gates implemented in the SpinPM array.

4.4.2 Gate-level Characterization

B SpinPM-SHE @SpinPM-STT
8  mSpinPM-STT(Proj.) [Ambit
&7

Q
wn

581

O

5

£3

D F 4

S o

e - 4

c

“s || L
T | ] ]
—

NOT OR NAND XOR

Figure 4.4: Throughput w.r.t. Ambit [2].

We next compare the performance of SpinPM with Ambit [2] and Pinatubo [26], in
terms of throughput. Ambit reports a comparative bulk throughput with respect to
CPU and GPU baselines, in executing basic logic operations on fixed sized vectors of
one-bit operands. Pinatubo reports bit-wise throughput of OR operation only, on a
229 bit long vector. We considered the highest throughput (for a 128-row operation)
reported by Pinatubo. To conduct a fair comparison, we assume the same vector size
of 32MB used in Ambit. Figld.4] captures the outcome, w.r.t. Ambit, in terms of Giga
operations per second (GOPs), for NOT, OR, NAND, and XOR implementations. We
observe a higher throughput for SpinPM-SHE across all of these bitwise operations.
The high degree of parallelism and lack of actual data transfer within the array
— which is not the case for Ambit per Sectionfd.5] — are the main reasons behind such
improvement. For the more complex logic operation XOR, the throughput improvement
for SpinPM-SHE and projected SpinPM-STT are both =~ 4x over Ambit; whereas
for near-term SpinPM-STT, only 1.34x. In this case, SpinPM-SHE performs slightly
worse, although very insignificant — around 0.3% less, than projected SpinPM-STT. In
comparison to OR throughput of Pinatubo, SpinPM-SHE has similar improvement as
projected SpinPM-STT (12x). For this comparison, we do not optimize data layout
or operation scheduling for SpinPM. That said, Ambit is based on a mature (DRAM)

technology, and therefore more versatile for integration in conventional systems.
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4.5 Related Work

Without loss of generality, we base SpinPM on the spintronic PIM substrate CRAM
which was briefly presented in [I] and evaluated for a single-neuron digit recognizer along
with a small scale 2D convolution in [61]. CRAM is unique in combining multi-grain
(possibly dynamic) reconfigurability with true processing in memory semantics. The
resistive Associative Processor [14] and DRAM-based DRAF [75] on the other hand,
rely on look-up-tables to support reconfigurable fabrics like FPGA.

The conventional bitline computing substrates employ sense amplifier based logic
operations and can not truly eliminate data movement overhead within the array bound-
ary. The SRAM-based Compute Cache [15] can carry out different vector operations
in the cache, but SpinPM supports a wider range of computations on much larger
data than could fit in cache. Maintaining data coherence among cores which consti-
tute near-memory logic is also an issue [76, [77] which is not the case for SpinPM due
to the absence of dedicated cores (with full-fledged memory hierarchies) to implement
logic operations. Recent proposals for bit-wise in memory computing include Ambit [2],
DRISA [I6], Pinatubo [26] and STT-CiM [27]. DRAM-based solutions such as Ambit
or DRISA use modified sense amplifier based designs. These designs support bitwise
operations in DRAM, but can only perform computation on a designated set of rows.
Thus, to compute on an arbitrary row, the row must first be copied to these dedicated
compute rows and then copied back once the computation is complete. While both
designs feature high degrees of (column) parallelism, they suffer from data movement
overheads within the array boundary. Pinatubo [26] on the other hand, can perform
bitwise operations on data residing in multiple rows, using a specialized sense amplifier

with variable reference voltage, which increases the susceptibility to variation.

4.6 Conclusion

This chapter introduces SpinPM, a novel, reconfigurable spintronic pattern matching
substrate for true in-memory pattern matching, which represents a key computational
step in large-scale data analytics. When configured as memory, SpinPM is not any
different than an MRAM array. Each MRAM cell, however, can act as an input or

output to a logic gate, on demand. Therefore, reconfigurability does not compromise
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memory density. Each column can have only one logic gate active at a time, but
the very same logic operation can proceed in all columns in parallel. We implement
a proof-of-concept SpinPM array with SHE-MTJ technology for large-scale character
string matching to pinpoint design bottlenecks and aspects subject to optimization.
The encouraging results from Section indicate a great potential for throughput

performance and compute efficiency.

4.7 Supplementary

4.7.1 Reconfigurability

Invoking a logic gate within the SpinPM array translates into pre-setting the output,
connecting all cells participating in computation to LL by setting the corresponding
WlLs, and setting a voltage between BSLs of the inputs and output cells that equals to
Vgate, which depends on the type of the logic gate. Therefore, modulo output pre-set,
the complexity of reconfiguration is very similar to the complexity of addressing in the

memory array. SpinPM is reconfigurable along two dimensions:

e Each cell can serve as an input or as an output for a logic gate depending on the

computational demands of the workload within the course of execution.

e For a fixed input-output assignment, the logic function itself is reprogrammable. For
example, we can reconfigure the gate from Fig(b) /(c) to implement another func-
tion than NOR by simply changing Vyase, to, e.g., Vyanp (and applying a different

output pre-set, as need be).

By default, SpinPM acts as an MRAM array. A dedicated architecturally visible
set of registers keeps the configuration bits to program SpinPM cells as logic gate in-
put/outputs. These configuration bits capture not only the physical location in the
array, but also whether the cell represents an input or an output, the pre-set value for
the output, and Vygse. A fixed or floating portion of the SpinPM array can keep these

configuration bits as part of the machine state, as well.
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4.7.2 Spatio-Temporal Scheduling

The goal of classic memory data layout optimizations is to perform as many compu-
tations as possible per unit data delivered from the memory to the processor, as the
data communication between the processor and the memory represents the bottleneck.
SpinPM, on the other hand, brings compute capability to the data to be processed.
The goal becomes minimizing the direct physical distance between the cells participating
in computation. Considering that an output cell can serve as an input cell in subse-
quent steps of computation, the physical location of the cells carrying the input data
for subsequent steps can dynamically change as computation proceeds.

This optimization problem gives rise to two strongly correlated sub-problems: the
layout of data to be processed in the memory array, and the spatio-temporal schedul-
ing of computations within the array. In this regard, the optimization problem has
many analogies to floor-planning and placement algorithms deployed in the computer
aided design of digital systems, which aim to minimize the “distance” (in terms of wire
length) between interconnected circuit blocks. In SpinPM context, “interconnected
blocks” translate into interconnected cells (over LL) participating in computation (Sec-
tion . We will look closer into this effect in Section m

SpinPM hence features a unique trade-off between data replication and parallelism:
Due to the internal array structure, (unless replicated), the same cell can only participate
in one computational step at a time, which may impair further opportunities for parallel
execution. Data replication can unlock more parallelism in such cases, at the expense
of a larger memory footprint.

Datal Data2 Output Cells Datal Data2 Output Cells Datal Data2 Output Cells Datal Data2 Output Cells

coumn1 [0]1]1]0]1]0 o[1]1]o]1]o]1 o[1]1]oJ1]o]1]1 o[1]1]o]1]o]1[1]1
columnz [1]0]o[1]0]0 @1001001 @10010011 @100100111
coumnz[1]1]1[1]1]0 11]1]1]1]o]1 11]1]1]1]o]1]2 1l1]1]1|zfo]1]1]2
Columna [1[O[1[T[1]T 1[o[1[1[1[1]1 1o[1]1[1]1]1]z 1[o[1[1[T]1]1]T[1
'D_afil rD_thaZ‘OUtPUtCe”S 'Izz;t.zi iﬁ:OutputCells 'I:jt:: Data2 Output Cells 'Eaf: rD-a’&OutputCells
o[1]1Jof1]o1]a]1]1 o[1]1]o[1]ofo]1]1]1 o[1]1]oJx]oJo]a]1]1 o[1]aJo]1]ofo]1]1]1
@1001001111 @1001001111 1001001011 @1001001001
1111z ]o]1]1]1]2 1[1]1]1]1]o]a[1]2]2 11[1]1]afo]1]a]1]2 1[1]a]1]1]o[1]1]2]2
1[of1[1[x[1]1]1]1]1 1jo[1[L[1[1[L][T]1]1 1lo[1[1[x[1[1]2][1]1 1lo[a[1[1(a[1]1[1[T
Datal Data2 Output Cells
N M~ Result Bits
o[1]1]oJ1]o]Jo]a]1]1 o[1]1]oJ1]JoJo]1]1]1
@1001001000 ®1001001000
11]1]1]1]o]a]2]2]2 1[1[1[11]of1]1]2]2
1lo[T[T]T(1]2[][2]2 T[o[T[T]T(T[T[[T|T

Figure 4.5: Timing diagram of example logic execution.
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As an example, Figure[L.5]illustrates a time lapse of logic operations on two datasets,
each 3-bit in length, in a SpinPM array of four columns (rotated in horizontal direction
for ease of illustration). Time T0 captures the initial state. T7-T4 is spent on preset
operations of output cells in all four rows, conservatively through standard writes of one
row at a time, before a sequence of bitwise ORs and MAJ3s take place (on each column
in parallel). Time T5 shows the OR operation on the first bits of the datasets, performed
in each column at the same time (bold bit values are involved in computation). 76 and
T7 do the same for next two bits of the datasets. The last stage of computation, TS,
performs MAJ3 on the three bit result of the previous sequence of ORs. Last step, R,
highlights the final result bits in each column.

4.7.3 Practical Considerations

Array Size: The maximum column height (i.e., the maximum number of rows) per
SpinPM array depends on the gate voltage Ve (Section , the interconnect ma-
terial for LL and BSL (which connects the input and output cells together in forming
a gate), as well as the technology node. We conduct the following experiment to de-
termine the maximum column height: We consider a two-input, one output SpinPM
gate which has the input cells and the output cell located in adjacent rows. In each
experiment, we shift the output cell further away from the input cells, by one cell at a
time. The process continues until we reach the terminating condition, which is when
the current through the output cell falls below the required critical switching current
for the most conservative input cell resistance states.

Assuming copper interconnect segments of 160nm for LL, for representative SpinPM
gates used in pattern matching, this analysis renders approximately 2K cells per column
at 22nm, where the latency overhead induced by this maximum distance computation
barely reaches < 1% of the switching time of the SHE-MTJ as detailed in Section

The feasibility of array dimensions is contingent upon the correct functionality of the
array at subarray granularity. Our circuit-level analysis reveals a maximum subarray
size of 512 x 512 bits, without sacrificing the reliability of array functionality.

Since SpinPM cells use two transistors, the area of each cell is dominated by the
transistors. The area of each SpinPM cell (at 22nm) is roughly 100F? considering the

current density requirement of MTJ devices (MTJs are placed on top of transistors and
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roughly consume ~ 5% of the transistor area).

Array Periphery: Peripheral overheads, mainly induced by addressing and control
operations, can play a vital role in determining the pattern matching throughput. Ac-
cordingly, throughout the evaluation, we consider the time and energy overheads of
peripheral circuitry including row and column decoders, multiplexers, and sense am-
plifiers. For memory read and write operations a SpinPM array is not quite differ-
ent than a standard STT-MRAM array, hence we model periphery after the standard
STT-MRAM. During computation, however, as all columns operate in parallel, column
decoder overhead does not apply (which we conservatively keep). The periphery during
computation rather becomes similar to the periphery of Pinatubo [26], an alternative
PIM substrate (although SpinPM computation relies on a different mechanism, totally
excluding sense amplifier involvement during computation contrary to Pinatubo). Even
during computation where all columns are active, the current draw in an SpinPM array
remains relatively modest. For example, for SHE-MTJ (as detailed in Section , a
128MB array would still consume considerably less current than a DDR3 SDRAM write
operation [78].

Preset Overhead: Each logic operation requires the output to be (pre)set to a pre-
defined value. Computation is column parallel, i.e., in all columns, the output cell
resides in the very same row. Accordingly, before firing column-parallel computation,
the corresponding row where the output cells reside should be preset. To this end, we
can use a “gang” preset, which presets all cells in the output row(s) simultaneously.
The alternative is relying on the standard write operation, which can preset (columns
in) one row at a time. The gang preset is equivalent to a parallel COPY operation —
where all columns compute in parallel and where the output cells are all in the respec-
tive rows subject to gang preset. Hence, the discussion about the periphery overhead
during column-parallel computation directly applies here, and the current draw remains

modest.

Read Disturbance: Read disturbance is an issue that arises when read current and
write current become similar due to non-linear technology scaling of different electrical
components of an array. SHE-MTJ devices have separate read and write paths through

the device, eliminating read disturbance effects.
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4.7.4 System Interface

SpinPM can serve as a stand-alone compute engine or a co-processor attached to a host
processor. Following the near-memory processing taxonomy from [79], due to the recon-
figurability (Section[4.7.1]), both SpinPM design points still fall into the “programmable”
class. A classic system has to specify how to offload both computation and data to the
co-processor, and how to get the results back from the co-processor. For a SpinPM
co-processor, we do not need to communicate data values — instead, the SpinPM array
requires (ranges of) data addresses to identify the data to process, and the specification
for computation, i.e., which function to perform on the corresponding data.

We will next cover the SpinPM system stack to support in-memory execution semantics

for pattern matching.

SpinPM Instructions: In addition to conventional memory read and write, SpinPM
instructions cover computational building blocks for in-memory pattern matching. In-
structions in SpinPM hence form two classes: data transfer (read, write) and compu-
tational (arithmetic/logic). By construction, computational SpinPM instructions are
block instructions: two dimensional vector instructions, which operate on all columns
and on a subset of rows of an SpinPM array at a time. Hence, key operands for any
computational SpinPM instruction are the row numbers of the source(s) (i.e., input(s)
to computation) and destination(s) (i.e., output(s) to computation). Depending on
the size of the pattern matching problem, multiple SpinPM arrays may be deployed in
parallel. Therefore, the computational subset of SpinPM instructions facilitates gang-
execution on all SpinPM arrays, as well. In the following, we will generically use the
term SpinPM substrate to refer to all arrays participating in computation. We also make
the distinction between macro- and micro-instructions. The set of micro-instructions
covers actual bit-level operations performed in the SpinPM substrate, while the set of

macro-instructions forms the high-level programming interface.

Programming Interface: To match SpinPM’s column-level parallelism, memory allo-
cation and declaration of variables (which represent inputs and outputs to computation)
happen at column granularity. Depending on the problem, a variable may cover the en-
tire column or only a portion. The following code snippet provides an example, where

an integer variable x gets written (assigned) to row r and column c in a SpinPM array
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(line 5):
1 intx = ..
2
3 int y;
4 preset(r, ncell, val);
5 intpn Xpn = writem(x, r, ¢, sizeof(x));
6 y = readdirpn(Xpm);

In this case, besides x and y, ncell, val, ¢ and r represent (already defined) integer
values. The SpinPM-specific (composite) data type intp, captures row and column
coordinates for each variable stored in the array. xpy in line 5 keeps this information
for variable x, after it gets written to column c, from row r onwards, by the writep,
function. The subsequent read in line 6, conducted by the readdiry,, directly assigns
the value of x to y. SpinPM also features a read function, ready,, which has a similar
interface to writep, with explicit row and column specification. We consider each such
function as a macro-instruction.

The preset function in line 4 presets ncell number of (consecutive) cells, starting
from row r, each to value val. SpinPM features different variants of this function,
including one to gang-preset the entire scratch area (Fig. , and another where val
is interpreted as a bitmask (of ncell bits) rather than a single-bit preset value which
applies over the entire range of the specification.

Each pattern matching problem to be mapped to SpinPM features three basic stages:
(i) Allocating and initializing the reference, pattern, and scratch regions in each array
(Fig. [4.1));
(ii) Computation;
(iii) Collecting the pattern matching outcome.

Variants of preset and writey, functions cover stage (i); and stage (iii) by variants
of read(dir)p,. Stage (ii) can take different forms depending on the encoding of pattern
and reference characters. Primitives such as addpn(int start,int end, intp, result)
apply, which sums all cell contents between rows start and end, on a per column basis,

and writes the result back where result points. addy, macro-instruction can directly
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implement Phase-2 from Algorithm3] to calculate the bit-count on the match string

(Section |4.2.2]).

Code Generation: Code generation simply entails translating a sequence of macro-
instructions to a sequence of micro-instructions for the SpinPM memory controller
(SMC) to drive in-array computation. Micro-instructions specify the type of opera-
tion and the rows to connect as inputs and outputs. For example, nand(r;,rj,ry)
specifies row r; as the output and row rj and ry as inputs to form a NAND gate in
the SpinPM array. The macro-instruction nandpy, on the other hand, performs the very
same operation on multi-bit operands (of width ncell): nandpy(r;,rj,rg,ncell). In
this case, r;, rj, and ry still demarcate the starting rows for the source and destination
(of ncell bit) operands. nandy, hence translates into a sequence of ncell number of
nand micro-instructions. For addp, type of macro-instructions, on the other hand, a
spatio-temporal scheduling pass (Section determines the corresponding composi-
tion of micro-instructions. The goal is to maximize the throughput performance for the
given data layout. This usually translates into masking the overhead of presets or other

types of writes (per row) by coalescing when possible.

SpinPM Memory Controller (SMC): SMC orchestrates computation in the SpinPM
substrate. SpinPM features an internal clock. During computation, SMC allocates each
micro-instruction a specific number of cycles to finish depending on the operation and
operand widths. This time window includes peripheral overheads and the scheduling
overhead due to SMC, besides computation. After the allocated time elapses (and un-
less an exception is the case), SMC fetches the next set of micro-instructions. SMC
features an instruction cache where micro-instructions reside until they are issued to
the SpinPM substrate. Before issue, SMC decodes the micro-instructions using a look-
up table to initiate preset, and subsequently, to set the appropriate voltage level on
input and output BSL (as a function of the operation, as explained in Section ,
before activating the corresponding rows in the specified arrays for computation. The
look-up table keeps the voltage level and the preset value for each bit-level operation
from Section [2:2:2] which forms a SpinPM micro-instruction. No look-up table access

is necessary for read and write operations.
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4.7.5 A Closer Look into Performance and Energy

We will next provide a detailed throughput performance and energy characterization,
along with a sensitivity analysis, using DNA as a case study. SHE-MTJ is considered as
the cell technology used in SpinPM. To characterize SpinPM based DNA sequence pre-
alignment, we use an NVIDIA Tesla K20X GPU based implementation of the common
Burrows-Wheeler Aligner (BWA) algorithm [80] as a baseline. We deploy the very same
reference and input pattern pools for the GPU and SpinPM. In order for the comparison
to be fair, we only take the basic pattern matching portion of the GPU baseline into
consideration (Section [4.2)).

We consider two design points, which differ in how the patterns (from the input
pattern pool) get assigned to columns for matching. In other words, how patterns are
scheduled for computation in the SpinPM array: The first one is a Naive implemen-
tation, where we take one pattern and blindly copy it to every column of all arrays
to perform similarity search. The second implementation, on the other hand, features
Oracular pattern scheduling, which can avoid assigning a pattern to a column where a
too dissimilar (reference) fragment resides. Oracular is straight-forward to implement by
adding a search-space pruning step before full-fledged mapping takes place, as explained
in Section by e.g., using hash-based filtering [67]. We will leave exploration of
this rich design space to future work, but cover the overhead of a representative practi-
cal implementation in the following. Any practical SpinPM implementation would fall

somewhere in the spectrum between these two extremes.

Naive Design (Naive): The caveat here is the very high overhead of redundant
computation, due to processing one pattern at a time and mapping each such pattern
naively to all reference fragments. As a single pattern is matched to the entire reference,
across all arrays, at a time, the apparent serialization hurts the throughput, in terms of

the number of patterns matched per second, i.e., the match rate.

Oracular Pattern Scheduling (Oracular): The oracular scheduler resides between
the input pattern pool and SpinPM, and controls to which column in which array each
pattern goes. Oracular may still feed a given pattern to multiple columns, in multiple
arrays, however, does not consider columns which carry a too dissimilar (reference)

fragment. In other words, Oracular directs patterns to columns and arrays in a way
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such that achieving a high similarity score becomes more likely. While Oracular bases its
pattern scheduling decisions on perfect information, a practical implementation of this
idea would incur the overhead of gathering this information, i.e., extracting a schedule to
keep pattern matching confined to columns where a high similarity score is more likely.
In any case such smart scheduling of patterns benefits the throughput performance by
reducing redundant computation which eats from the energy budget.

However, since all columns in a SpinPM-SHE array perform pattern matching (in
lock-step but) in parallel, before computation begins, we require that all columns have
their patterns ready. Scheduling patterns takes time, which might further affect the
throughput performance of SpinPM, if we let the array sit idly, waiting for scheduling
decisions to take place. We can mask this overhead, as drawing pattern scheduling
decisions for all the columns in an array takes less time than writing patterns in the
columns of that array. This, in effect, would not introduce any timing overhead towards

the system throughput, although there is an energy overhead.
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Figure 4.6: Performance and energy characterization.

Figld.6] shows the throughput performance and compute efficiency, normalized to
GPU baseline, for Naive and Oracular, when processing a pool of 3M patterns. We
use match rate (in terms of number of patterns processed per second) for throughput;
match rate per milliwatt, for compute efficiency. Naive yields very low throughput — by
mapping each pattern to every column of each array at a time, and thereby increasing
the total execution time significantly. Oracular pattern scheduling is very effective in
eliminating this inefficiency: we observe that the throughput performance w.r.t. Naive

increases by orders of magnitude in this case. The fundamental limitation for Naive is
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the redundancy in computation.
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Figure 4.7: Breakdown of energy and latency in computation.

We next identify the individual contributions of actual computation stages. Fig/4.7]
shows the distribution of energy and latency components. The preset overheads are
67.67% and 70.7% in energy and latency, respectively, where the bit-line (BL) driver
energy and latency overheads are < 1%. The breakdowns in Fig4.7] do not contain
preset and BL driver related overheads. Apart from these, we observe that the majority
of the energy (Fig is consumed by the match operations and additions during
similarity score computations. However, in case of latency (Fig, the dominant
components change to read-outs of similarity scores while the match and additions have
similar shares. In case of both energy and latency, writes consume < 1% of the share.

This breakdown clearly identifies preset overhead as the essential bottleneck. Also,
although the time required by the match and similarity score compute phases are not
drastically different, the energy required by the similarity score compute phase is around
1.5x of that of match phase. Accordingly, we next look into preset and similarity score

computation operations for optimization opportunities.

Optimized Designs (NaiveOpt, OracularOpt): As the reduction tree for addition
(Fig, which is at the core of similarity score computations, already represents an
efficient design, we focus on optimizations to reduce the preset overhead. Since presets
are inevitable for logic operations, it is not possible to entirely get rid of them. However,
we can still hide preset latency through careful scheduling of presets.

As presets do not correspond to actual computation, Naive and Oracular simply
perform them in between computation. The challenge comes from successive steps in

computation using the very same set of cells to implement logic functions. Instead
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of interrupting computation to preset these cells every time a few computation steps
are completed, we can distribute such consecutive steps to different cells, using the
scratch area from Figl4.1] and preset them at once, before computation starts. We
call the resulting designs NaiveOpt and OracularOpt, respectively. The NaiveOpt
and OracularOpt bars in Figure and Figure capture the resulting energy and
throughput performance. We observe that, for each design option, energy consumption
of the optimized case is unchanged. This is because the optimization only changes the
scheduling of presets, where the total number of presets performed still remains the
same. The throughput performance, on the other hand, skyrockets in both cases thanks
to gang presets (Section .

Practical Search Space Pruning: The throughput for Oracular represents the theo-
retically achievable maximum. We next consider a practical implementation, as detailed
in Section For the GRIM filter based implementation, we observe that the filter-
ing overhead, as compared to the actual pattern matching overhead, is very insignificant
and therefore has effectively no impact, even considering very high sub-string lengths
(used for chunking the patterns and the reference in converting them to bit-vectors).
However, the accuracy of the filtering still has an impact, as captured by Fig. [£.8 This
figure shows, without loss of generality, how the throughput and compute efficiency
(both normalized to NMP baseline) of DNA changes when the number of locations (col-
umn indices) in an array for possible matches increases (which would be the case under
heavy aliasing during hashing). The decrease in performance numbers is intuitive since
more match locations refer to more iterations of the same set of search patterns through
SpinPM arrays. Luckily, even for a high degree of filter inaccuracy, SpinPM-SHE can
perform better than the baseline.

How close a practical implementation can come to Oracular strongly depends on the
actual values of the patterns, as well, which may or may not ease scheduling decisions.
Since each array keeps consecutive fragments of the reference, it is always possible that
patterns directed into a particular array do not have any matches in any of the columns.
We may not always be able to eliminate such ill-schedules, depending on the pattern
values, where the incurred redundant computation would degrade performance. The
feasibility of any pattern scheduler is contingent upon the distribution of the patterns,

in terms of the columns in the arrays where the most similar fragments reside.
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Figure 4.8: Impact of filtering inaccuracy on throughput.

Sensitivity Analysis: Up until now, we have used a pattern length of 100 charac-
ters. We will next examine the impact of pattern length on energy and throughput
characteristics. Without loss of generality, we confine the analysis to OracularOpt. For
the purpose of design space exploration, we experiment with pattern lengths of 200
and 300 characters, which are representative values for the alignment of short DNA se-
quences [56]. We keep the array structure the same, while the reference length remains

fixed by construction.
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Figure 4.9: Sensitivity to pattern length for OracularOpt.

Figl[d.9] summarizes the outcome. Understandably, with the pattern length increas-
ing, more computation becomes necessary to generate the similarity scores in each
row. However, this effect does not directly translate into degraded performance: The
throughput for increasing pattern lengths remains close to the baseline throughput for

100-character patterns. This is because the preset optimization is scalable. Irrespective
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of the application domain, the maximum pattern length is actually limited by technology
constraints, since the required number of cells per column also increases with increasing
pattern length. We further observe that the compute efficiency (i.e., the match rate per
mW) decreases due to increases in computation per alignment, which is congruent with

the intuition.



Chapter 5

Acceleration of RNA-Seq

Abundance Quantification

5.1 Introduction

Given a biological molecule, sequencing is the process of constructing its genomic compo-
sition in terms of the basic building blocks —i.e., nucleotide bases A(denine), T(hymine)
or U(racil), C(ytosine), G(uanine)— where each base is represented by a character. The
output hence is a character string comprised of these bases, termed read. Next Genera-
tion Sequencing (NGS) machines can typically generate very high volumes of sequence
data per run, easily reaching hundreds of Giga (10”) bases that translates into millions of
fixed length strings of base characters called reads. Figl5.1shows sequencing throughput
over time as a proxy for the volume of sequencing data produced by NGS platforms [10].
This trend is expected to hold and result in a steady increase in the volume of sequence
data available for genomic analysis, enabling unprecedented advances in bioinformatics
and medical research.

RNA molecules, as well, represent chains of nucleotide bases A, U, C and G. RNA-
Seq(uencing) Abundance Quantification is an important emerging application that par-
ticularly benefits from the growth in sequence data volume as more data translates into
higher computational accuracy. The goal is to estimate the relative distribution of a

given set of RNA sequences in a biological sample. Hence, RNA-Seq in a sense “learns”

65
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Figure 5.1: Evolution of sequencing throughput over time.

from data. Important use cases for RNA-Seq include novel gene identification, gene ex-
pression quantification, mutation analysis, protein synthesis, precision and personalized
medicine research (to identify active genes in cells, e.g.) to name a few.

Each RNA-Seq read usually is a smaller sub-sequence of a longer RNA sequence
called an RNA transcript. Such reads are typically sequenced from a biological sample
such as a single cell. The set of transcripts that is fixed and already known for a given
sample is called RNA transcriptome, and uniquely characterizes that sample. The reads
sequenced from a sample come from different transcripts in that sample, where the
transcripts vary in length and are more likely to generate a read if longer. Therefore,
to get a representative RNA-Seq read dataset where the relative number of reads from
each transcript follow a similar distribution to the transcripts in that sample, a very
large number of RNA-Seq reads are required.

Technically, the abundance of the RNA-Seq reads refers to the relative distribution of
the transcripts in a sample. Quantifying this distribution requires alignment between a
large number of RNA-Seq reads and the transcriptome. (Exact) Alignment entails find-
ing out where in each transcript (from that transcriptome) an RNA-Seq read matches
the most— through base by base comparison. Classic (exact) alignment algorithms such
as TopHat2 [81] or Cufflinks [82], however, require extensive computational resources
due to exact alignment that relies on base by base comparison between RNA-Seq reads
and the transcriptome. This results in a large number of slow and energy-hungry data

transfers between the compute and memory elements (in a traditional setting), which



67
inevitably degrades the performance. Luckily, for abundance quantification, the actual
location of alignment (i.e., exact alignment) is not required. Commonly used algo-
rithms such as Sailfish [83] and Kallisto [84] hence avoid the costly exact alignment
process by exploiting the presence of common sub-sequences (called k-mers) in both
RNA-Seq reads and transcripts, while maintaining a comparable accuracy to exact-
alignment based methods. Such pseudo-alignment approximation significantly reduces
the volume of data transfers during quantification, although for representative problem
sizes it still remains forbidding.

A processing-in-memory (PIM) solution such as Computational RAM (CRAM) [14]
can effectively address this performance bottleneck by fusing memory and compute
elements together. In this chapter, we introduce and detail the HS/SW co-design of
CRAM-Seq, a CRAM-based accelerator for RNA-Seq abundance quantification. We
demonstrate that CRAM-Seq can achieve accuracy similar to state-of-the-art software
solutions such as Kallisto [84], while operating faster and more energy-efficiently. The

key contributions of this chapter are as follows:

e We show that only presence (i.e., not order) of unique k-mers suffices to perform

RNA-Seq abundance quantification.

e We present an end-to-end PIM-based accelerator architecture to achieve higher quan-
tification throughput with lower energy consumption and comparable accuracy when
compared to a commonly used high throughput abundance quantification algorithm,

even in the presence of noise in the sequence data.

The rest of this chapter is organized as follows: Section discusses the core concepts
related to RNA-Seq, transcripts and abundance quantification. Section [5.3] illustrates
the architecture and discusses different design aspects. Section [5.4] and Section [5.5
present the evaluation setup and experimental findings. Related work is discussed in
Section [5.6] with Section [5.7] concluding this chapter.
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5.2 Background

5.2.1 RNA-Seq

Typically, both transcripts and RNA-Seq reads don’t contain U(racil) as they are se-
quenced from complementary DNA molecules composed of {A, T, C, G} where each
character represents a base pair (bp). Transcripts are longer than fixed length reads, and
read length depends on the sequencing technology. Reads from Illumina [85] platforms,

e.g., usually are =100 bp long.

5.2.2 RNA-Seq Abundance Quantification

Given a set of transcripts, abundance quantification determines the distribution of each
transcript in a biological sample when a large number of RNA-Seq reads are sequenced

from that sample. If T' = {t,t1,%2,...ty,—1} is the set of transcripts, the quantified
Np—1

abundance of a transcript is: Q(t;) = C(t;)/ > C(t;) where C(n) is the number of
7=0

RNA-Seq reads mapped to transcript n.
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Figure 5.2: Quantification overview.

Fig. shows a typical abundance quantification pipeline: A biological sample (con-
taining varying length transcripts 70, T1 and T2 in different quantities) produces a
large (N) number of fixed length RNA-Seq reads. The first step involves, for each
RNA-Seq read, identifying the transcripts that have the highest degree of similarity
(e.g., the total number of locations where both the transcript and RNA-Seq read have
a common sub-sequence of a given length in bp) with that read. Be it exact or approx-
imate, this alignment step (as enclosed in the dashed box) helps to identify the (group

of) transcript(s) that more likely originated that particular read. Each unique group of
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transcripts denotes a similarity class. As the read dataset is exhausted, upon the pro-
cessing of each read, a collection of such similarity classes with corresponding counts of
RNA-Seq reads (i.e., members) that map to them gets updated. The similarity class of a
read can have one transcript (which is uniquely identified as the source of that read), or
multiple transcripts (where maximum similarity applies to all transcripts in the class).
In the final step, an iterative clustering algorithm —typically, Expectation Maximization
(EM) [86]— distributes read counts to the cluster points, i.e., the transcripts, utilizing
all similarity class information, to maximize the abundance of each transcript.

The most compute-resource-heavy part of this problem is the alignment step. As
an example, even pseudo alignment (which is typically faster than exact alignment) can
consume >85% of total runtime in Kallisto [84] or Sailfish [83]. Therefore, accelerating
this step is of particular importance to improve the overall quantification throughput as
shown in Fig.5.3] Being independent from (and significantly faster than) the alignment
step, EM algorithm for one set of reads can overlap with the alignment step of the next
set of reads. The alignment step determines the rate of quantification as the slower step
of computation, i.e., accelerating alignment is critical in improving the overall rate of

quantification.

ta = Alignment runtime
te = EM routine runtime

ta _max(ty, te) max(ty, te

>
»

»

Read DataSet 1 :‘Alignment :‘EM routine
1 1
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Read DataSet 2 :
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: Alignment : EM routine 1
1 1 1
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Figure 5.3: Timing diagram of abundance quantification.

5.2.3 Errors in RNA-Seq Reads

Due to imperfection in sequencing technology, RNA-Seq reads can have errors at random
locations along the sequence, which typically take the form of insertion, deletion or
replacement of one or more bps. The correctness of the abundance algorithm depends on
the ability of quantification algorithm to tolerate such noise. Transcripts are considered

to be free from noise since these are verified across multiple iterations of sequencing.
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5.3 Design

5.3.1 Problem Statement

k-mers are sub-sequences of length £ (e.g., a RNA-Seq “TCGAC” has three 3-mers:
TCG, CGA and GAC). The presence, and not the order, of distinct k-mers in a RNA-
Seq read sequenced from a transcript matters. Abundance quantification only requires
information regarding the presence of different k-mers in transcripts and corresponding
RNA-Seq reads to produce an estimate with an accuracy comparable to commonly used
quantification algorithms. Accordingly, we convert a (read/transcript) sequence to a
bit-vector (of length determined by k), using the sequence’s k-mers. Since k-mers are
overlapping in a sequence, the maximum number of k-mers in a sequence of length N
is equal to N — k + 1. Each unique k-mer generates a unique numerical value when
passed through a hash function (due to position and value of each base character in
that k-mer). For example, with a hash function kil 4t x {A,T,C,G} — where {A=0,
C=1, G=2, T=3} and i demarcates the location inlfﬁe k-mer — a 5-mer “CTCGA” gets
the value of 157, as shown in Fig[5.4a] The maximum number of unique hash values
from a sequence depends on £, e.g., hash values in Figl5.4al have a range between 0 and
4% — 1. By using hash values to demarcate individual bit locations on a bit-vector and
setting those bits, the presence of unique k-mers can be marked in the bit-vector. In a
nutshell, a bit-vector records all unique k-mers in a (read/transcript) sequence, but the
order of 1’s in the bit-vector does not reflect the order of k-mers in the corresponding
sequence.

A longer k-mer yields longer bit-vectors that are more likely to be unique, hence
such sparser bit-vectors can determine similarity between a RNA-Seq and a transcript
more accurately. A small k-mer, on the other hand, can save hardware resources due
to smaller (but denser) bit-vectors. Considering noise in sequence data, however, large
k may not always deliver higher accuracy. The choice of k£ depends on the trade-off
between available hardware resources and the desired quantification accuracy. Ideally,
a bit-vector should be sparse enough such that it uniquely represents a sequence to
distinguish it from other sequences.

A set of very long sequences, e.g., transcripts, might have all unique k-mers (for

a given k) in each of them, resulting in identical bit-vectors. This loss of information
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Figure 5.4: (a) k-mer in RNA-Seq; (b) Segmentation of transcript.

(i.e., distinction between different sequences) is very likely if the sequence length L >>
#uniquely identifiable k-mers. To handle this issue, we break the transcripts down into
overlapping segments (as shown in Fig of constant maximum length, and generate
for each segment the corresponding bit-vector. These bit vectors are more likely to
uniquely represent the corresponding transcript. The maximum segment length (>
read length) is selected to be neither much greater than read length nor too small to
produce too many segments. Without overlapping between segments, a RNA-Seq read
that spans across two consecutive segments of a transcript could have low similarity with

both segments even though that RNA-Seq read comes from that particular transcript.

5.3.2 Algorithm Design

Transcript Seg.|o o [ 1 [1[1]Jo]1]1]o]1[1]1]
& (AND)
RNA-SeqRead| 1 [o |1 [o]1[1]1][0o]Jo]1]o]1]

Match String | 0

Similarity Score 5

Figure 5.5: Similarity computation.

A set of RNA-Seq reads, { RS1,RS2,...,RSn} and a set of transcripts, {1'S1,7'Sa,..., TS}
are given. Reads are transformed into the corresponding bit-vectors {R1,Ra,...,Rn}.
Each transcript is transformed into a number of bit-vectors (T410,711,T12,T50,T21, ..,

Thro,Ta1) since each transcript is also divided into smaller fixed-size segments. In the
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first stage of the algorithm, each RNA-Seq read bit-vector is bit-wise compared with
all transcript segment bit-vectors to compute the similarity between each {RNA-Seq
read, transcript segment} pair. The comparison operation (bit-wise AND), in Fig
generates a string of 1s and Os, the Match String, where logic 1 marks presence of a
unique k-mer in both RNA-Seq read and transcript segment. The number of logic 1’s
in the Match String is a proxy of similarity between that {RNA-Seq read, transcript
segment} pair.

Once a RNA-Seq read is evaluated against all transcript segments, transcript seg-
ments with maximum similarity are identified, and member counts of corresponding
classes are updated accordingly. Once all reads are processed, member counts suffice to

compute abundance.

Algorithm 4 CRAM-Seq algorithm

1: // Number of transcripts: T

2: /] Number of transcript segment bit-vectors: S (S >>T)
3: // Number of RNA-Seq read bit-vectors: N (for N reads)
4: Initialize entries of Similarity Class Table SCT to 0

5: Initialize entries of count array (of size S) to 0
6
7
8
9

: for all R in N do
: for all t in S do
MS=R&t // MS: Match String
: count[t] = pop-count(MS)
10: end for

11: sclass = SimClass(count)

12: if I(sclass in SCT) then

13: Create class entry in SCT and return sclass
14: end if

15:  SCT]sclass] +=1

16: end for

Algorithm 5 SimClass(count)

: Initialize transcript_indices array
: index_list = MAX(count) // List of all segment indices with mazimum score
for all F in index_list do
transcript_indices.append(LUT[E]);
end for
: return transcript-indices

Algorithm [4] summarizes CRAM-Seq’s processing steps. For each read, the for loop
(lines 7-10) counts the number of common k-mers with each transcript segment by
performing a sequence of bit-wise additions (i.e., pop_count). Then, for each read,
SimClass function (Algorithm returns the transcript indices with maximum similarity

score (line 11). The list of indices (stored in sclass) serves as the ID of the similarity
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class of the read currently being processed. If this class hasn’t been encountered before,
it is recorded as a new entry in SCT, an array of key-value stores with key= class ID,
value= member count. Finally, the corresponding member count in SCT'is incremented
by 1 (line 15). The MAX operation in Algorithm [5| (line 2) returns all transcript
segment indices with the maximum score. All such segment indices are used to access
a look-up-table (LUT) that stores the mapping between the segment and transcript
indices, to extract the corresponding transcript indices (line 6). Finally, after all reads
are processed, the class information from SCT feeds the EM algorithm to quantify
the abundance of the transcripts. All operations in Algorithm 4] and (except for LUT
accesses) Algorithmf AND, population count, MAX, class ID check and member count
increment — are highly parallel bit-wise operations, hence can effectively be mapped to
CRAM.

5.3.3 High Level Architecture

Fig (a-c) show the functional blocks necessary for executing Algorithm 4| and Algo-
rithm 5] CRAM-Seq is comprised of three top-level modules, namely vector transfor-
mation unit (VTU), similarity class unit (SCU) and a collection of core computational
units, termed processing elements (PE). A given set of transcripts are segmented and
transformed into bit-vectors in VT'U (where the cost is amortized over multiple iterations
of quantification with million of reads), and mapped to PEs before (global controller or-
chestrated) computations take place. After a RNA-Seq read arrives at CRAM-Seq from
the host, the read is first transformed in VTU into the corresponding bit-vector, and
mapped to all PEs to compute the similarity scores between that read and all pre-stored
transcript segments. Through a sequence of in-situ logic and arithmetic operations, the
similarity scores are computed and sifted through to derive the similarity class statistics
for that particular read. SCU stores and updates the statistics, and sends the statistics
back to the host once all reads are processed.

Vector Transformation Unit (VTU): This unit is responsible for receiving the data,
i.e., RNA-Seq reads from the host, and for generating the corresponding bitvectors. The
k-mer length used by VTU is the same as what is used in the transformation of the
transcript segments in order to make all bit-vectors to have the same length for bit-wise

comparisons. Fig. [5.7 illustrates the transformation operation performed by the VTU.
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Figure 5.6: High-level architecture of CRAM-Seq.

The bit-vector in VT'U is a collection of data-latches that can be SET(RESET) to logic
1(0). At the beginning of the VT'U operation, the bit-vector is initialized to all logic
0s. Transformation of a RNA-Seq read entails SET-ting individual bit-locations on
that bit-vector where each location corresponds to a k-mer along that read (k-mers are
considered overlapping). k-mers in a RNA-Seq read, in 2-bit encoded format, represent
overlapping groups of 2k bits. In Fig. the group of 10-bits represents the first 5-mer,
ATAGC, in a RNA-Seq read, ATAGCTGAC. The second k-mer, TAGCT, refers to the
subsequent group of 10-bits— skipping the first two bits (i.e., one character). The group
of bits refers to the location of the bit in the bit-vector that would be SET. This process
is repeated for all k-mers in that read. Once all overlapping k-mers are processed, i.e., all
corresponding bit locations on the bit-vector are SET, the transformation is complete,
and VTU notifies the global controller. As soon as the PEs are done processing the
previous read, the global controller writes the transposed read bit-vector(s) to PE(s)
through the standard write mechanism (Section . Such pipelined operation hides
the latency incurred by VTU.

Processing Elements (PE) are the core computational units, which are responsible
for performing computations with CRAM tiles. Each PE consists of a number of con-
nected CRAM tiles. The number of columns in a PE is the number of columns in any
PE tile, whereas the number of rows in a PE is the sum of all rows of all tiles in that
PE. Figl5.6|c) shows the internal details of the tile, the basic building block of each PE.
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Figure 5.7: Vector transformation unit (VTU).

Fach tile is a 2D array of SHE-MTJ cells, capable of performing bit-wise universal logic
operations on the stored data.

Tile Connectivity: The tiles are connected through an array of switches (i.e., transis-
tors) that are controlled by the corresponding PE controller, which column-wise connects
the LL(s) of adjacent tiles (Fig[5.6(b)). When switches are OFF, LL(s) across adjacent
tiles are effectively disconnected, hence the tiles can compute in parallel, using individ-
ual LL(s) in each tile. However, when turned ON, the switches effectively connect LLs
across tiles and along PE columns. Therefore, logic operations such as COPY can be
performed along columns across the boundary of connected tiles. The ON resistance
of transistors is much lower than that of SHE-MTJ cells, which makes the overhead of
transistor based connection between two LLs across tiles negligible. This control over

computation across tiles enables us to exploit tile-level parallelism efficiently.

5.3.4 Data Layout

As shown in Figl5.8| each PE column is organized in four compartments: transcript
segment and RNA-Seq read bit-vectors, result (for storing Match String and similarity
score) and scratch bits (to store intermediate data during computation). To exploit tile-
level parallelism within a PE, a transcript segment bit-vector is divided into a number
(equal to the number of tiles in a PE) of smaller sub-vectors and consecutive sub-vectors
are stored in consecutive tiles in a PE column. Same applies for read bit-vectors. To
summarize, a PE column stores the (transcript segment and read) bit-vectors as a whole,

spread across all tiles in that PE.
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Figure 5.8: PE data layout in CRAM-Seq.

5.3.5 PE Operations

Next we describe the sequence of computational steps within a PE, as captured by
Fig considering all tiles in the PE. Each step (e.g., St1) shows a snapshot of the PE
state after a sequence of CRAM logic operations are completed. Note that, for ease of
illustration and explanation, rows and columns are transposed. This figure illustrates
how (transcript segment and read) bit-vectors, T1—-T4 and R, are mapped to a PE,
and how the corresponding similarity scores are generated. Initially at step Stg, the
transcript segment bit-vectors are stored in the PE: each such bit-vector is divided
into equal length sub-vectors with adjacent tiles storing consecutive sub-vectors. For
instance, the transcript segment bit-vector, T'1, is divided into 4 equal length sub-vectors
T1.0-T1.3 and stored in row-0 of tile-0 — tile-3. Each row of each tile contains one
segment of a transcript segment bit-vector. The read bit-vector (of same length) is
mapped in the same way and written to rows of each tile. All rows in a tile contain the
same read sub-vector (e.g., R1.0 in tile-0, R1.1 in tile-1 and so on).

In step Sti1, partial Match String, MX.Y, is produced through bit-wise AND oper-
ations between the stored transcript segment sub-vectors (TX.Y) and RNA-Seq read
sub-vectors (R1.Y), e.g., M 1.0 represents the partial Match String between T'1.0 and
R1.0. The Match String, MX, which is the output of AND operations between T'1
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Figure 5.9: Sequence of computational steps within a PE (rows and columns are trans-
posed).

and R1, is the concatenation of MX.Y, e.g., M0 ={M0.0, M0.1, M0.2, M0.3}. Sub-
sequent steps compute the number of 1’s in MX. Recall that each row of the PE tiles
contains partial Match strings. Specifically, tile-Y computes a partial count of 1’s in
MX.Y at step Sty. E.g., tile-0 computes number of 1’s in M1.0 through M4.0, in a
row parallel fashion. The result is partial similarity scores (e.g., S1.0-54.0 in tile-0),
where S§1.0-51.3 represent the partial scores of the final score S1. To compute the total
counts of 1’s (i.e., the final similarity score) in individual Match Strings, these partial
similarity scores in different tiles need to be reduced to single similarity score. To this
end, partial scores are transferred to the adjacent tile(s) at step Sts, to perform binary
addition between partial scores (i.e., a sequence of standard bit-wise additions starting
from the least significant bits). E.g., S1.0-54.0 from tile-0 are transferred to tile-1, in
corresponding rows. A similar transfer from tile-3 to tile-2 is conducted simultaneously.
Step St4 (not shown explicitly) performs another round of bit-wise addition between
the partial scores, in tile-1 and tile-2 simultaneously. Step Sts again transfers partial
outputs of the binary additions from tile-1 to tile-2. A final step of binary addition, at
Step Stg, produces the final similarity scores in tile-2, S1-54 (shown in green).

With the PE configuration shown in Fig. a bit-vector length of 128-bits would

be representative, spread across 4 tiles, with each row storing 32-bits of transcript
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segment bit-vector each (Section . Not shown in the figure (to simplify illustration)
are scratch bits in each row which are preset accordingly before computation starts
and peripheral overhead. In this case Step St; encapsulates 32 AND operations. The
outputs of the bit-wise (reduction) addition of Match String in each tile are available at
Step Sto, after having performed a total of 139 more CRAM logic operations. The copy
operations on the 6-bit (bit-wise reduction addition) outputs between adjacent tiles are
completed at step Sts, after performing 6 more CRAM operations. The first round
of binary addition on partial reduction output is completed at St4, after performing
18 more CRAM operations. The subsequent copy at Step Sts; encapsulates 7 more
operations. The final 8-bit similarity score is available after performing 21 more CRAM

operations at Stg, i.e., after completing 7-bit binary additions at each row.

5.3.6 Class Extraction

Class extraction corresponds to MAX function in Algorithm This is achieved in
two steps: i) finding the transcript segment(s) with maximum similarity score, i.e.,
PE columns with the maximum score (across all PEs, simultaneously); and ii) finding
out the transcript indices of the segment(s) identified in step i). In hardware, this is
achieved through the use of sense amplifiers (SA) present in PE tiles. Fig shows
the basic idea: The tile in the figure holds the final scores along columns, in binary
form, between a RNA-Seq read and all transcript segments in the corresponding PE.
To find the maximum of two or more such binary values, we simply perform bit-wise
comparison starting from the most significant bit (MSB) position. As an example, the
tile in Fig/5.10] stores similarity scores {011 (3), 110 (6), ..., 010 (2)}.
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Figure 5.10: In-Memory MAX operation on similarity scores.
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In each PE, each column of one specific tile (which keeps the multi-bit end outcome,

e.g., tile 2 from Fig5.9)) needs to be scanned (at one bit position at a time, from MSB
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to LSB positions, across all PEs simultaneously), using the corresponding SAs. Prior to
reading out the column bits at the MSB position, PE controller sets the RESET feeding
the input of the D-FlipFlop (D-FF), which in turn enables (via EN) all participating
SAs in all PEs. In the first round of comparison, the bits at the MSB position in all
columns are read out simultaneously. If at least one bit is 1, all read-out values are
stored in the corresponding D-FFs. This in turn enables only the columns (i.e., SA)
with logic 1 at the MSB position to participate in the next round of comparison at
the next bit position. However, if all values are 0, the sensed data is not stored and
all participating SAs remain enabled for the next round. A transistor array pulled-
up by a resistor, as shown in Figure generates a HIGH on DETECT when all
SENSE lines are LOW; SENSE lines are connected to gates of individual transistors.
A logic LOW on DETECT is required to store the read-out values in the D-FFs.
This self-filtering process continues until the final round (reaching the LSB), when the
PE controller sets DONE. Thereby the global controller gets either the read-out value
(SENSE) OR the content of D-FF corresponding to column(s) with the maximum value
only, i.e., columns that survived until the last round. Each column, i.e., transcript
segment is connected to a distinct memory address in a lookup table (LUT) that stores
the corresponding transcript index. Only the columns with maximum score determine
which LUT address(es) to access. The area overhead of additional logic (for MAX
operation and all logic 0 detection) is insignificant (only one tile per PE is involved in

these operations) compared to a SOT(SHE)-MRAM substrate of similar size.
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Figure 5.11: Transistor array to detect logic 0 on all SENSE lines.

5.3.7 Similarity Class Unit (SCU)

SCU keeps track of similarity class information. The {class ID, member count} values
are stored in Similarity Class IDs and Similarity Class Counts modules respectively.

Figl5.12] illustrates the process. Similarity Class IDs and Similarity Class Counts are
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collections of CRAM tiles (similar to PE), which have the same number of columns.
For each entry (i.e., column) in Similarity Class IDs, there is a corresponding entry
in Similarity Class Counts that stores and updates the member count of that class.
SCU controller receives the transcript indices (which form a similarity class) from LUT
(in global controller) for a RNA-Seq read, such as {25, 91} in Fig[5.12] Each similarity
class is represented by an ID bit-vector of length equal to the total number of transcripts
stored, where transcripts in a class are marked by setting the corresponding bits to 1.
This ID bit-vector is used to check if a class already exists in similarity class IDs module
through bit-wise AND operations with the stored ID bit-vectors, followed by bit-wise
OR operations to reduce the outcome to 0 or 1: If 0, no such class exists. A new
similarity class is created by storing that ID bit-vector in Similarity Class IDs, and
incrementing the corresponding entry in Similarity Class Counts by 1 through in-situ
bit-wise addition. Otherwise, the corresponding entry in Similarity Class Counts is

incremented by 1.
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Figure 5.12: Similarity class store and update.

Optimized encoding for class ID using an advanced hashing algorithm can reduce
SCU energy consumption by reducing #bits to store class ID. This would not only
simplify the underlying computations but also translate into more room for transcript(-
segment)s per chip. Algorithm @ shows an example, where class IDs are derived from
the higher-order bits of transcript indices only through shift-left and bit-wise Fzclusive
OR (XOR) operations (performed by SCU controller). The number of higher-order

bits and shift-left operations depend on the maximum number of transcripts a class can
hold.
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Algorithm 6 Optimized hash

! Traz: maximum #transcripts per class
: Np;ts: #higher-order bits in a transcript index
Transcriptinde: = {100,157,852,223,...} // list of transcript indices
MBL: // mazimum length of a transcript index
: hash_val =0 // to store final hash value
for ¢ in range(Timas) do
hash_val = hash_val ® Transcriptinges|[t||[M BL : MBL — Np;s];
hash-val << 1
end for
: return hash_val
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5.3.8 Pipeline Stages

Fig. illustrates the life-cycle of RNA-Seq reads in the CRAM-Seq pipeline. A
read flows through three functional blocks, each constituting a pipeline stage: VTU,
PE+MAX and SCU. The VTU can operate on the next read while PEs process the
previous one. However, PEs cannot start processing the next read until the maximum
similarity score for the current read is calculated and sent to the SCU. Therefore MAX
has to immediately follow PE operations, and together they form the longest latency
pipeline stage, PE+MAX. Once the PE4+MAX stage is done, the SCU begins immedi-
ately, and overlaps with the VIT'U and PE+MAX stages operating on subsequent reads.
Once all reads are processed (i.e., exit the pipeline) the SCU transfers the final class

information to the host where the next step of quantification (the EM algorithm) runs.

Read 1} VTU |PE+MAX| SCU | ; ; ;
Read 2 ! i VIU !PE+MAX{ SCU ! ! ;
Read 3 ! ! i VIU !PE+MAX] SCU ! |
Read 4 ! ! | i VIU |PE+MAX! SCU |

Figure 5.13: Pipeline stages in CRAM-Seq.

5.3.9 System Integration

CRAM-Seq connects to the host machine through the standard memory interface. As
an accelerator substrate, CRAM-Seq does not share the virtual memory space with the
host. Data (i.e., RNA-Seq reads) stream into the accelerator from the main memory
for pseudo-alignment. Once CRAM-Seq computations finish, the similarity class in-
formation is sent back to the host who continues with the EM algorithm. Since no

fine-grain control over CRAM-Seq operations is necessary, the programming interface
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involves instructions just for sending and receiving data to/from CRAM-Seq.

5.3.10 Multi-chip Design

The number of transcript segments in a dataset may exceed the storage capacity of a
single CRAM-Seq chip, necessitating multiple chip deployment. Fig. illustrates a
scale-out system with M CRAM-Seq chips. In this case, the total number of transcript
segments in the dataset is divided into chunks and each chunk is assigned to a separate
chip, as shown in Fig. [5.14{(a). Each CRAM-Seq chip stores only the class information
corresponding to the chunk of transcripts it is responsible for. The throughput is main-
tained across all chips in the system due to weak scaling (i.e., addition of more PEs
across multiple CRAM-Seq chips).

As each bit-vector corresponding to a RNA-Seq read is processed by all chips in
parallel, there is no need for a separate VI'U in each CRAM-Seq chip. Sharing the
VTU between multiple chips increases area-efficiency, leaving more room for actual
computation units (i.e., PEs) in the same chip area or alternatively resulting in smaller
chips for the same PE count. As the amount of memory required per chip depends on
the number of transcript(segment)s stored, and all chips in the scale-out design keep
the same number of transcript(segment)s, the scale-out design is as memory efficient as
a single CRAM-Seq chip.

On the other hand, the energy consumption of the scale-out design is by construction
higher due to the higher number of pseudo-alignments per read. While exploiting read
characteristics (such as the number of unique k-mers) to assign reads only to a subset of
chips for pseudo-alignment may reduce the number of pseudo-alignments, a more effec-
tive solution is combining such read scheduling with clustering of transcript(segment)s
into partitions (as shown in Fig[5.15|(a)) based on the pair-wise similarity between the
transcripts in the dataset [87], where each transcript partition is uniquely identified
by k-mer(s), called sig-mer(s). This partitioning of the transcriptome is based on the
following observation: For typical datasets, the bit-wise ANDs between the transcript
segment bit-vectors and a given read bit-vector tend to generate a non-sparse output
only for specific subsets of transcripts. Therefore, confining quantification within such
subsets of transcripts on a per read basis can cut the number of useless pseudo-alignment

computations significantly. Assigning each such partition to a cluster of CRAM-Seq
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chips and confining the pseudo-alignment of the reads to the chips in that cluster with
the respective partitions only would be especially useful.

Transcript partitioning and subsequent mapping to chips are done only once (before
storing the transcripts to CRAM-Seq chips) and therefore, the overhead of such pre-
processing is amortized over many iteration of quantification with millions of reads in
each iteration. In this case, successive transcripts can go into non-adjacent partitions
(e.g., partition-0: {T0,T11,T526 ...}, partition-1: {T1,T2,T87,T901 ...}, ...). This does
not have any impact on quantification since each chip keeps track of its transcripts using

the original transcript indices within the transcript dataset.

Since a partition of transcripts can have a different #transcripts than another, a large
partition might require more than one CRAM-Seq chip to store the entire partition. In
the scale-out design, we pack most similar transcripts forming a partition in a single
cluster of chips (where #chips in a cluster > 1), and schedule reads with the same
similarity signature as the partition to the corresponding cluster, thereby confining the
processing of each read to a single cluster. Such clusters of chips are logical clusters
where all chips within one (logical) cluster receive the same read for pseudo-alignment.
If the transcript database and the corresponding partitions are changed, then simply
updating the partition information in the read scheduler would suffice. Depending on
the dataset, multiple partitions may reside in the same chip cluster, as well. Even then,
the energy consumption per read wouldn’t exceed the energy consumed in the cluster
with maximum number of CRAM-Seq chips, as opposed to brute-force pseudo-alignment
involving all chips in the system on a per read basis.

The sig-mer(s) of the transcript partitions stored by all chips are known to the read
scheduler, and are used to select a particular cluster of chips for a read based on the
presence of the sig-mer(s) within that read. The k for sig-mers can be greater than the
k used in PEs for fine-grain partitioning of transcripts. The read scheduler, feeding from
the RNA-Seq read pool, thereby can schedule different reads to different chip clusters,
effectively increasing the throughput by a factor of M = #chip_clusters. Fig. |5.15
(b) illustrates the idea. Partitioning of the transcript dataset (i.e., transcriptome) along
with selective scheduling enable ideal performance scaling without compromising energy

efficiency.
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Figure 5.14: Scale-out system of CRAM-Seq chips.
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5.4 Evaluation Setup

Without loss of generality, we consider CRAM with SHE-MTJ for CRAM-Seq. To model
a PE, a step-accurate simulator is used where each step corresponds to a logic function
such as AND. Latency and energy for sense-amplifier based MAX operation, transistors
and VTU are derived from HSPICE estimates. Peripheral overheads associated with
PE are obtained from NVSIM [34], including parasitic effects. All estimates use 22
nm technology node. SHE-MTJ specific parameters come from [88] [89]. Latency and
energy for CRAM logic functions are extracted from equivalent circuits as shown in
Fig. 2.1c. Table provides technology parameters.

Table 5.1: Technology parameters.

Parameters Value

MTJ Type Interfacial PMTJ
MTJ Diameter (nm) 10

TMR (%) 100

RA Product (Qum?) 20
Critical Current I.ri¢+ (uA) | 3.0 (SHE Channel)
Switching Latency (ns) 1

Rp, Rap (KQ) 253.97, 507.94
RSHE7 Rirans. (KQ) 64,1

PE specifics: Each tile is 128 x 128 that ensures signal integrity (both within the tile
and across tiles in a PE), and enough tile-level parallelism while keeping the peripheral
circuit overhead moderate. Each PE incorporates 32 tiles. Note that the number of PEs
required is determined by the total number of transcript segments, therefore, the total
number of PEs required may vary across different datasets even with the same number
of transcripts. For simplicity we keep the transcripts in transcript datasets of particular
sizes unchanged.

Chip Size: Since each 2T (ransistor)1M(agnet) SHE-MTJ cell consumes ~2x area of
a 1T1IM STT-MTJ cell (where the number of transistors used dominates the cell area),
we assume a maximum chip size of 64MB, considering the maximum STT-MRAM chip
size available commercially [66]. This chip size estimate is conservative based on the
current state of SHE-MTJ technology which is expected to improve as the technology

matures.
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Problem Datasets: Table lists the problem sizes used in the evaluation. To elim-
inate selection bias, for a dataset of M transcripts, the first M transcripts are taken
from [90] (the nucleotide sequences of all transcripts in the reference chromosomes in
a human) with lengths > 100bp (read length). Transcript segments are selected to be
maximum 200bp long (with 100bp overlap between successive segments). CRAM-Seq in
this implementation uses 5-mers, i.e., 1024-bit vectors that ensure a sparse representa-
tion of transcript segments and RNA-Seq reads (unlike a 4-mer) without a big memory
footprint (unlike a 6-mer). The number of RNA-Seq reads in read datasets is selected
in proportion to the number of transcript segments in the transcript datasets. 5 read
datasets from each transcript dataset are generated, by randomly sampling 100-bp long
sub-sequences from the transcripts. Then, noise is added to the reads, assuming a single
substitution rate of 0.13% and insertion/deletion error rates of 0.01% to imitate practical
Illumina sequencing platforms. The maximum number of similarity classes supported

by CRAM-Seq for different problem datasets is derived by profiling the datasets.

Table 5.2: Problem sizes evaluated.

#Transcripts | #Segments | #PE | #Reads (10%) | #Sim. Class
100 931 8 0.2 1000
200 2091 17 0.45 2000
400 4724 37 1.01 6000
800 10691 84 2.3 13000
1000 (default) 14687 115 3.2 17000
3000 46065 360 10.0 34000
5000 78144 611 17.1 60000
8000 123185 963 27.0 80000

Baseline for Comparison: We use Kallisto [84], the state-of-the-art abundance quan-
tification software which outperforms popular (exact and pseudo-alignment based) quan-
tification approaches in terms of runtime and accuracy, and is widely adopted in stand-
alone, as well as cloud based quantification [91, 92]. There are no other off-the-shelf
baselines that are capable of performing RNA-Seq abundance quantification. Kallisto
uses a pre-generated colored de Bruijn graph (DBG) of k-mers present in the transcripts
for similarity class detection, and EM algorithm for quantification. Note that, the graph
structure in Kallisto is based on the order of the k-mers in transcripts, and the accu-

racy of quantification depends on storing this order information correctly. Therefore,
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Kallisto is significantly sensitive to k-mer length and their relative orders, unlike CRAM-
Seq. There is no standard GPU baseline for abundance quantification, and alignment
accelerators which map reads to (several orders of magnitude) longer references do not
qualify as baselines without changing the designs to introduce problem-specific data
structures. Since CRAM-Seq accelerates the pseudo-alignment part of quantification,
for a fair comparison, we profile only the pseudo-alignment routine in Kallisto with
8 threads on an Intel i9-9900 system. The energy consumption of Kallisto is derived
by feeding Kallisto’s dynamic instruction mix to an optimistic energy model based on
[93, [12).
Evaluation metrics: We characterize the performance of CRAM-Seq in terms of
throughput in KSeq(uences)/s(econd) and energy efficiency in Kseq/s/mJ, and nor-
malize to those of Kallisto. The accuracy of abundance estimates is calculated as the
absolute difference between the known abundance of the synthetic read datasets and
the reported estimates (by CRAM-Seq and Kallisto), and expressed as a percentage of

the known abundance.

5.5 Evaluation

5.5.1 Performance Analysis

Fig. illustrates the improvement in throughput exhibited by CRAM-Seq, over
Kallisto, with 1000 transcripts. The unoptimized column represents the naive design,
without any optimization, as explained in Section [5.3] The corresponding improvement
in energy efficiency, over Kallisto, is shown in Fig. Even with an unoptimized
design, CRAM-Seq outperforms Kallisto on both throughput (1.4x) and energy effi-
ciency (~ 54x) fronts. The throughput of CRAM-Seq is determined by the PE latency
and the class extraction (MAX) where PE operations make up for ~ 98% of the total
latency, as shown in Fig. The VTU and SCU components are hidden (pipelined)
and have lower latency in comparison. Fig. captures the relative contributions
to energy of PE and SCU operations (share of the VTU is negligibly small) consuming
> 99% of total CRAM-Seq energy.

To improve the throughput of CRAM-Seq, we examine optimization opportunities

in PE operations since PE operations dominate the latency of the CRAM-Seq pipeline
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stages. A breakdown of unoptimized PE latency and energy, illustrated in Fig. [5.18
(a) and (b), respectively, reveals that PE latency is dominated by the preset (~ 50%
of total and ~ 1.5x of compute since 2-output INV logic requires 2Xx more preset per
logic operation), an enabler step to perform the actual computations, while the actual
computations, e.g., AND operations, consume a mere one-third of the total. The presets
in the unoptimized design are performed in a sequential manner right before a logic
operation, although in multiple columns at the same time. Luckily, gang-presets are
possible (where target output cells in multiple rows and multiple columns are preset at
the same time) due to the low preset energy, coupled with separate read and write paths
of SHE-MTJ cells that translate into a peak current draw of ~ 12 mA per tile. This
optimization reduces the share of the preset latency in overall PE latency by > 95%,
as illustrated in Fig. The corresponding change in throughput is reflected in
the optimized column (Fig. that shows > 3x throughput improvement over the
baseline, i.e., a ~ 130% increase in throughput over the unoptimized design. Since
the total number of presets (and the corresponding energy) in the optimized design is
unchanged, the improvement over unoptimized design in terms of the energy efficiency
is similar to the throughput as observed in Fig.
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Figure 5.16: CRAM-Seq (a) throughput and (b) energy efficiency.
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Figure 5.19: Performance scaling of CRAM-Seq.

5.5.2 Scalability

Performance scaling within a single chip: Fig. illustrates how CRAM-Seq
performance scales with the increasing number of transcripts per CRAM-Seq chip.
Throughput remains stable as more transcript segments are processed by (i.e., more
PEs are added to) CRAM-Seq. Such weak scaling reduces the energy efficiency im-
provement which decreases linearly with growing #transcripts. Energy for class 1D
check increases quickly with higher number of transcripts (e.g., ~ 20% of the total en-
ergy with 3000 transcripts) due to the naive one-hot encoding of class IDs. Even then,
with 3000 transcripts (maximum number of segments that fits on chip) CRAM-Seq still
provides > 30X improvement in energy efficiency over the baseline.

The opt hash bars in Fig. capture the impact of optimized hashing (Algo-
rithm @ Optimized hashing makes the energy-efficiency scale better (vs. the naive
one-hot encoding) due to the lower #bits to encode the class ID, which reduces the
energy consumption in the SCU. Moreover, optimized hashing itself scales better as the
number of transcripts per chip increases. The maximum number of transcripts per chip
also improves due to the more compact representation of class ID, as we will detail next.
That all said, hashing in this context still has room for improvement (e.g., a hashing
algorithm that converts a set of transcript indices to a unique value in a fixed 64-bit
number space).

Memory scaling: The memory sizes for CRAM-Seq and the baseline with varying
number of transcripts are shown in Fig. For Kallisto only the memory required
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for transcript index file is shown. PEs in CRAM-Seq, which store the transcript seg-
ments, require less memory than Kallisto (with default 31-mer) for all datasets, making
CRAM-Seq more memory efficient for transcript storage even though CRAM-Seq stores
multiple segments for each transcript. The contribution of LUT in system size is negli-
gible. However, the class information storage in SCU increases quickly and with > 3000
transcripts, total CRAM-Seq storage (~ 60 MB) exceeds the Kallisto transcript index
file size due to inefficient encoding of similarity class IDs. Optimized hashing (Algo-
rithm @ reduces memory overhead of SCU significantly, as shown in Fig. With
optimized hashing more (up to 5000) transcripts (i.e., more PEs) fit on chip, at the
same time, SCU energy reduces accordingly. Hence, the total memory requirement still

remains less than Kallisto’s. This trend holds in a system of multiple CRAM-Seq chips,

as well.
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Figure 5.20: Memory required for CRAM-Seq and Kallisto.

Performance scaling across multiple chips: Fig.[5.22]captures the impact of scaling
out a system of CRAM-Seq chips, following the methodology from Section to
handle larger transcriptomes. In this case, we assume the same number of PEs in each
CRAM-Seq chip (corresponding to the 5K transcript dataset). We experiment with
transcriptomes of 10K and 20K. The read scheduler considers 10 reads at a time and tries
to schedule one distinct read to each cluster of chips where the most similar partition
to the read resides. As Fig. suggests, the mean throughput keeps improving with
the increasing number of transcripts in the dataset. The theoretical peak throughput
is limited by a factor equal to #clusters of chips in the system (=3 for 10K and 4 for
20K), whereas the minimum throughput is equal to that of a single CRAM-Seq chip. The
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energy efficiency remains stable due to balancing between increasing energy consumption
and improvement in throughput. It is possible to further improve the energy efficiency
by optimizing partitioning of transcripts (i.e., changing similarity threshold [87])-to
minimize the partition sizes and consequently, have smaller cluster of chips to avoid

unnecessary computation within a cluster.
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Figure 5.21: Memory required for CRAM-Seq and Kallisto with optimized hash.
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Figure 5.22: Throughput and energy efficiency of a system of CRAM-Seq chips.

5.5.3 Accuracy Analysis

Fig.[5.23|shows the trend in accuracy, i.e., mean % error in quantification for all datasets,
up to 3000 transcripts (i.e., the single chip limit with naive SCU encoding scheme).
The error reported by both Kallisto and CRAM-Seq remains < 10% across all datasets.
Although CRAM-Seq utilizes smaller k-mers than Kallisto, the mean difference between

reported errors is 0.78% (with the maximum reaching 2.61%) across all datasets. The
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accuracy metric is based on the mean absolute relative difference (MARD) which is not
robust against local outliers, leading to the ~3% loss shown for a few transcript dataset
sizes (0.4K, 0.8K, 1K) in Fig. [5.23] Pearson’s correlation coefficient [94], a more robust
metric against local outliers in capturing correlation between the ground truth and
estimated abundances, is 0.9822633935 for CRAM-Seq, and 0.9966648441 for Kallisto
(for 1K case). These values are very close to each other, indicating very high correlation
in the abundance quantification estimates of CRAM-Seq and Kallisto even for the cases
showing some sizable difference in accuracy. The trend in accuracy holds beyond 3000
transcripts, as well. For 5000 transcripts, CRAM-Seq experiences 8.07% of mean error
as opposed to 8.11% by Kallisto.

Our experiments show that the accuracy of Kallisto with 5-mers is much worse
(> 90%) than CRAM-Seq, attributable to the much smaller (than transcripts) k-mer
length used in building the DBG, where segmented transcripts used in CRAM-Seq help

improve accuracy.
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Figure 5.23: Accuracy of quantification.

Fig.[5.24]illustrates the impact of k on the accuracy. For 1000 transcripts and respec-
tive read datasets, we vary k and report accuracy. % Error in quantification reported by
Kallisto is for the default k£ (= 31). For 4-mers, the number of distinct k-mer patterns
are only 256 (not significantly higher than the RNA-Seq read length assumed), which
degrades accuracy and renders a mean error of > 10%, about 2X of that of Kallisto.
The accuracy improves significantly as k increases to 5. As explained in Section [5.3.1

5-mers result in 1024 distinct k-mer patterns which is sufficient to correlate reads with
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individual transcript(s). However, increasing £ in CRAM-Seq beyond 5 does not im-
prove accuracy by a significant margin, but decreases throughput and increases energy
consumption ( Table [5.3). The improvement in accuracy becomes increasingly smaller
with increasing k£ due to larger PEs (more CRAM tiles for each PE to accommodate
longer bit-vectors resulting from longer k-mers, translating into more computation to

derive similarity scores) which also increases the memory footprint of CRAM-Seq.
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Figure 5.24: Variation in CRAM-Seq accuracy with k-mer length.

Table 5.3: Impact of k£ on quantification error, throughput, energy efficiency and mem-
ory size (relative to k=4). § in %.

k 6 Error | 6 Throughput | § Efficiency | § Memory
5 —35.42 —6.1 —6.3 +35.8

6 —50.81 —114 —12.0 +107.4

7 —56.70 —16.2 —16.9 +179.0

15 —56.72 —41.5 —43.2 +680.1

5.6 Related Work

CRAM-Seq is the first to accelerate RNA-Seq abundance quantification on a PIM sub-
strate. A typical RNA-Seq abundance quantification algorithm entails alignment of
each read from a set of (usually millions of) reads to a large number of long transcripts,
followed by EM which quantifies abundance using the alignment outcome. CPU based
exact alignment is too time consuming. Many GPU [3§] and FPGA based implemen-
tations [95] 96, 97, 98] to accelerate popular exact sequence alignment algorithms such

as Smith-Waterman exist. PIM based exact alignment is also gaining traction due to
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potentially higher alignment throughput and lower energy consumption than both GPU
and FPGA. Recent designs that use SOT-MRAM [50, 39, 9], ReRAM [49] and conven-
tional technology [I00] have reported significant throughput and energy improvement
over GPU based implementations. However, exact alignment is over-kill for abundance
quantification simply because the exact location of alignment is not required. Therefore,
such PIM based exact alignment accelerators would result in sizable latency and energy
overhead if employed in the abundance quantification pipeline. Moreover, unlike typi-
cal alignment accelerators, abundance quantification involves matching against multiple
reference (i.e., transcript) sequences simultaneously as opposed to a very long one. To
summarize, PIM-based based alignment accelerators, in principle, can be deployed to
build a RNA-Seq quantification accelerator using the design principles presented in this
chapter. However, such designs cannot be used off-the-shelf for quantification with-
out design modifications which would warrant separate end-to-end accelerator designs.
Therefore, such designs are not considered as baselines in this chapter.

The pseudo-alignment algorithms such as Kallisto [84] and Sailfish [83], on the other
hand, rely on order or frequency of k-mer patterns that are common in both read and
transcripts to quantify abundance. Matataki [I01], another application that utilizes k-
mer based approximation, is highly susceptible to errors in RNA-Seq reads and therefore
limited to large-scale reanalysis, unlike CRAM-Seq that is impacted minimally by errors
in reads due to the use of small k-mers. While these CPU based software solutions
provide significant speedup over exact alignment based quantification, they suffer from

significant data movement overhead, which is addressed by CRAM-Seq effectively.

5.7 Conclusion

RNA-Seq abundance quantification is an essential tool in gene expression analysis, useful
in many applications such as differential expression analysis to infer biological function
at the gene/transcript level. As a compute intensive application (due to the use of mil-
lions of RNA-Seq reads), it suffers from significant data movement overheads in classical
von-Neumann systems. In this chapter, we propose computational RAM (CRAM) as
a PIM substrate to accelerate abundance quantification. The resulting design, CRAM-
Seq, performs the pseudo-alignment steps in CRAM. We demonstrate the key design
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challenges and opportunities to achieve a significant improvement in throughput and
energy efficiency, while maintaining a similar level of accuracy when compared to the

state-of-the-art RNA-Seq abundance quantification algorithm Kallisto.



Chapter 6

Content Addressable Memory
(CAM)

6.1 Introduction

Content addressable memory (CAM) is an extensively used functional building block in
many mainstream computing systems. Rather than locating stored data using addresses
(as in conventional random access memory, RAM), CAM finds information using the
content itself — hence the name. Specifically, upon getting a search request for a data
content, CAM performs the search on all memory locations simultaneously, and returns
the location (or index) of match, if any.

On a per bit basis, Binary CAM (BCAM) can search for only two states, i.e., 0 and
1, which Ternary CAM (TCAM) expands to include also a third don’t care state, i.e., X.
This wildcard X makes searching for a data content, that partially matches with stored
data, possible, and therefore, can generate multiple matches for a single content search
request. In either case, the parallel search capability enables CAM structures to perform
low latency data lookup which is desired in many contexts, including but not limited
to network devices [102] 03], neuromorphic associative memory [104], big-data ana-
lytics [105] 106], pattern recognition [I07, [I08], data compression [109], reconfigurable
computing [I10] and application-specific acceleration [48].

Emergence of edge computing has further increased the range of applications where

97
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parallel content based search is critical to overall system performance. Examples in-
clude object detection [IT1], neuromemristive circuits and near-sensor binary deep neu-
ral networks for edge computing devices [112, [113]. Besides fast CAM search, operation
in resource constrained environments (such as wearable devices and Internet-of-Things,
IoT) require very low area and energy consumption. At the same time, constrained
hardware resources make reconfigurability an increasingly desired feature in these en-
vironments [I14], to best match dynamically changing computational demand of the
workload, specifically, to deliver the optimal performance without any waste in area
and/or energy by repurposing hardware resources on demand. However, reconfiguration
itself incurs an overhead which can easily become prohibitive considering the extremely
tight budgets in area and energy.

Be it based on traditional CMOS or emerging technologies (STT-MTJ [115], PCM [116]
or ReRAM [107, 117]), typical CAM designs suffer from either high area overhead or
energy consumption (or both). Moreover, none is practically reconfigurable, hence re-
purposing CAM cells on demand during runtime to perform regular memory or even
logic operations is out of question. On the other hand, PIM substrates —already by
construction— can perform logic and regular memory operations within the same array
with minimal reconfiguration overhead. By exploiting array regularity, adding CAM
operations on top would be an attractive solution as long as the reconfiguration over-
head can be kept at bayﬂ While various recent PIM proposals target edge-computing
systems [I18], 119], none explores this opportunity.

In this chapter, we propose a novel reconfigurable architecture, CAMeleon, tar-
geting edge and embedded environments, which seamlessly adds CAM functionality
to nonvolatile PIM. CAMeleon supports both BCAM and TCAM operations utilizing
in-place logic processing capabilities of PIM. The underlying PIM substrate is the non-
volatile (spintronic) Computational RAM (CRAM) [1], which is shown to be a versatile
and highly area/energy-efficient platform for resource constrained environments [118],

where CAMeleon does not incur any changes to the cell architecture. CAMeleon’s

!Designs that use CAM to perform very restricted and limited number of logic operations are not
considered as PIM enabled CAM architectures in this context.
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energy-efficiency comes from —unlike existing CAM proposals regardless of the underly-
ing memory technology— not requiring specially tuned dedicated sense amplifiers to per-
form CAM operations. Moreover, CAMeleon can switch between PIM and (B/T)CAM
operations with minimal reconfiguration overhead. In a nutshell, the contributions of

this chapter are as follows:

1. To the best of our knowledge, CAMeleon is a unique reconfigurable architecture
fusing generic BCAM/TCAM functionality with PIM (i.e., conventional memory

and logic operations).

2. We cover the HW/SW co-design in detail, that enables integration of CAM and

PIM functionality with trivial reconfiguration overheads.

3. We show that CAMeleon has comparable search latency to fastest known CAM

designs, while providing a higher area/energy-efficiency.

The rest of this chapter is organized as follows: Section presents CAM basics,
Section details HW/SW co-design of CAMeleon, Sections and provide the
evaluation, and Section [6.6] concludes the chapter.

6.2 CAM Architecture

Fig. illustrates basic hardware organization for CAM. CAM table comprises a 2-
D array of CAM cells, which store key words (typically 32-128 bits) along each row
and which are connected to match lines. Each CAM cell typically stores both key and
inverted key bits. The query to search, stored in the query register and connected to the
CAM table through search lines, connects a bit from each CAM cell to the corresponding
match lines. The match line indicates whether the data stored in that row is a match
for the query input. All match lines are fed to an encoder that determines the match
location, i.e., index. TCAM typically requires one additional memory cell for each CAM
cell that stores a wildcard bit, i.e., X (= 0/1). In case of BCAM, one match for each
query is expected —unlike TCAM where more than one match is possible and therefore,
a priority encoder is employed that outputs the match location with highest priority.

Logic gates to support CAM operations: The only logic gates required to perform
CAM operations are NOR and AND. Refer to Table for the corresponding truth
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Figure 6.1: Generic CAM architecture.

table. The same biasing conditions implement an AND gate with a preset of 1 (and
opposite current direction), where Output switches from 1 to 0 for all input combinations

but 11.

6.3 CAMeleon Architecture

6.3.1 Overview

Fig. shows a generic CAM algorithm. A typical CAM handles equal-length key
and query words: Key words are stored in unique locations inside CAM structure, and
Query words (from a query pool, one at a time) are used to search those unique memory
locations simultaneously, to find the exact (partial) match(es) between the key words
and the query in case of BCAM (TCAM). For every bit of a key word, both that bit and
the corresponding inverted bit are stored in CAM to form a bit-pair. Query words are
written to a structure inside CAM array, i.e., the query register, one at a time, before

firing search. The process repeats for each query word in the pool.
search next query

v locg key, .
Query |query loc, key, 3
Pool e ves e 8
w Match: —
|OCN_1 keyN_l No Match: —

Yes: Exit

Figure 6.2: Generic CAM algorithm.
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6.3.2 CAM Operations in CRAM

Basics: For each bit in a key word, there is a bit-pair stored in the corresponding column
of the CRAM tile. Specifically, all bit-pairs of a key word go to the same column. Each
bit-pair in a key word thereby forms a CAM cell along the CRAM column; multiple
CAM cells residing in a CRAM column. As typically one set of key words is searched
for many query words, the initial overhead of writing key words to CRAM columns is
amortized over many CAM search operations. The query register stores a query word
that generates necessary signals to perform CAM operations in CRAM. After search is
complete, search outcomes are directly stored in CRAM which are subsequently read
out and fed to (priority) encoders. The mechanism for CAM search in CRAM is simple:
only if a bit in the query and key words match, a CRAM cell storing logic 0 at that
bit position (either key or inverted key bit) is connected to the LL along the column.
Therefore, by construction, a subsequent NOR of all such cells along the column (which
keep the search outcomes for the entire key, query pair) generates a 1 to indicate a

match, iff all bits match.
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Figure 6.3: (B/T)CAM search in CAMeleon.

BCAM operation: Fig. a) illustrates the principle of BCAM search in CRAM
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with an example 9 x 2 tile (where red lines indicate logic HIGH). The two columns
(col0 and coll) store KeyO and Keyl respectively. The columns are 9-bit long where
row 0 - row 7, in each column, store the bit-pairs corresponding to 4-bit key words in
adjacent CRAM cells. Each CAM cell spans two rows, hence incorporates two CRAM
cells: #CAM cells/column = #bits in key or query word. For example, in Fig. [6.3{a),
in each column, the two CRAM cells in row 0 and row! together form a CAM cell.
Each bit in the query register selects either of the rows in a CAM cell; if the query
bit is 0 (1), it selects the stored (inverted) key bit. The cell in the selected row gets
connected to the LL in the respective column, to serve as an input to the subsequent
NOR. In Fig. [6.3(a), in each column, the output cell to NOR (in row8), connected to
a different BSL group than the rest of the cells in the column, is preset to logic 0. On
a per column basis, as each query bit selects one cell to connect to LL, applying Vxor
across the OBSL and EBSL (i.e., across cells storing key or inverted key bits, and the
output cell) effectively creates a 4-input NOR gate that switches the output cell (from 0
to 1) iff all 4 input cells are logic 0. This marks a match between the query bits and the
key bits stored in the respective column. In Fig. |6.3|a), the first query (0001) selects
in both columns the cells in rows 0, 2, 4 and 7 (indicated in red), which renders all 0
cells in coll, hence, a 1 at NOR output to indicate a match. This is not the case for
the content of the selected cells in col0: LL is connected to all logic 0s but one, which
is not enough to generate a current to switch the output cell, hence, no match.
TCAM operation: As indicated in Fig.[6.3(b), the same search mechanism for BCAM
from Fig. [6.3|(a) applies to TCAM search with two changes: i) a method to search the
wildcard bits in query word — stored as a bit-mask in a separate register (i.e., bit-mask
register) of equal size to the query register; and ii) additional bits in each column to help
in wildcard search — Reserved Wildcard Bits (RWB) in row8-rowl1. RWBs are equal to
the number of key bits stored in a column (4 in this example). Each RWB corresponds
to one unique CAM cell in that column and stores a constant value (logic 0). When a
query bit is marked as a wildcard bit (by setting the corresponding bit position in the
bit-mask register to logic 1), the corresponding RWB is selected instead of any row of
the corresponding CAM cell, effectively bypassing the BCAM match mechanism. When
a query bit is not marked as a wildcard bit, on the other hand, the search proceeds
exactly in the same way as BCAM search, as depicted in Figa). In this case, as
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well, if all cells selected to be connected to a LL are logic 0s, the output cell (in row12)
in the respective column switches — marking a match. In Fig(b) this is the case for
col0 for the query (1XX1) since all 4 cells in col0 selected to be connected to LL have
logic 0 (in rows 1, 7, 9 and 10), which doesn’t apply to coll.

Multi-gate logic operations: At the core of the search logic lies the NOR operation
to generate the match outcome, which has as many inputs as the number of bits in the
key (or equivalently query) words. While typical key (query) lengths tend to be fixed,
CRAM logic gates cannot support arbitrary number of inputs — hence a limit applies
to the #inputs of NOR along a column. As a workaround, we chunk query word into
groups of bits and perform the search with one chunk at a time, sequentially. Each
search in this case involves a n-bit NOR which is feasible to implement in CRAM where
n is the #bits in the chunk. To generate the final match outcome, we feed the output
of each such NOR gate to an AND gate, on a per column basis, which generates a 1 (to
indicate a match) iff all NOR outputs are 1.
Row selection logic (RSL): Fig.[6.4[a) and (b) show the RSL for BCAM and TCAM,
respectively (red = logic HIGH), implemented using conventional gates. Recall that each
CAM cell spans two rows in a column. Each query bit in BCAM selects either of the
rows in the corresponding CAM cell simply using a NOT gate. In TCAM, if a query
bit is marked as a wildcard bit, neither of these rows are selected; instead the row with
the corresponding RWB is selected. As an example, in Fig. (b), the first query bit
selects row! and the last bit in bit-mask register selects the row RWB3. The TCAM
RSL becomes the equivalent to the BCAM RSL if all bits in the bit-mask register are
logic 0. RSL signals drive the rows of all CRAM tiles involved in search (in CAM mode).
During regular (non-CAM) CRAM operations, CRAM tile controllers (responsible
for driving rows in each tile) bypass RSL signals for CAM operations— thereby making
all cells available for CRAM operations.

6.3.3 Hardware Organization

CAMeleon incorporates a collection of CRAM tiles that store the key words — i.e., a
sequence of bit-pairs corresponding to CAM cells — along columns. All cells along a
column that store the bit-pairs (and that represent inputs to the NOR operation to

determine match outcome) are connected to same BSL group; cells keeping the NOR
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output, to the opposite. The query word is stored in the query register that is shared
among tiles that perform search with that query.

The high level architecture of CAMeleon is shown in Fig. [6.5(a). The first step
is to divide the query and key words into smaller equal length segments (as captured
by the top portion in Fig. [6.5(b)). This serves two purposes: i) Storing very long
key words (i.e., bit-pairs) in one column of a tile compromises signal integrity across
first and last rows, ii) Long query words would require either CRAM logic gates with
large #inputs (more prone to process variation of the MTJ, the peripheral circuitry
and Vyor); or to perform logic operations in >2 steps — contributing to latency and
energy overheads. CAMeleon stores these segments in columns in key tiles where CAM
search is performed on each of these {Query, Key} segment pairs, in parallel. Since each
query bit is matched against the corresponding bit in the key word, such parallel CAM
operations are bit-independent across all key tiles.

Fig.6.5|a) illustrates an example where 512 key words and a query are divided into
4 segments each. Each key word segment is stored in a separate key tile. For example,
key tiles 0-3 store segments 0-3 of key words 0-127. Tiles 0, 4, 8 and 12 store segment
0 of keys 0-511 and share the same RSL signals corresponding to the query segment 0.

Search outcomes from individual {Query, Key} segment pairs, i.e., partial search
outcomes, are reduced to single match/no match indication by the corresponding re-
duction tile (Fig.[6.5(a)). This is a special purpose CRAM tile where WL of individual
cells can be independently selected. Similar to the key tiles, output cells in the last
row of the reduction tile hold the outcome of the reduction operations, i.e., (0)1 for
(Mis)match.

Data layout: Fig.|6.5(b) shows the data layout of key and reduction tiles, with rows and
columns transposed to simplify illustration. RWBs always store logic 0 when configured
for TCAM. Preset Bits in each (key/reduction) tile act as output cells. The remaining
bits in each column are used as Fxtra bits which do not participate in CAM search,
rather provide flexibility in scheduling regular CRAM logic operations. Both Preset
and FExtra bits are connected to same BSL group, whereas the rest of the bits in each
column are connected to the opposite.

Reduction operation: The reduction operation is illustrated in Fig. Each N-

column key tile stores one segment each from N key words and the corresponding
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segment of the query word, e.g., Key Tile 0 stores segment 0 from {key 0, key 1, ...
key N-1} and performs search for segment 0 of the query word. The last row in each
key tile (green in figure) holds the partial search outcome from (B/T)CAM operation.
Each key tile has a read buffer (RB), i.e., a D-FF array that stores the partial search
outcome bits (which uses regular CRAM read). The outputs (Q) from RB connect to
individual WLs (i.e., individual cells) along a row in the reduction tile. For example,
the RB outputs from Key Tile 0 connect to W Loy, W Lqg, and so on, where W Lxy
refers to the WL of a cell at row X and column Y in a reduction tile.

Accordingly, depending on the data stored in RBs (1/0), the individual WLs in the
corresponding reduction tile get activated (colored red). In each reduction tile, all cells
along a column with an active WL get connected to LL, by construction, effectively
creating a logic gate configuration in that column. Except the last row, all cells in a
reduction tile store a fixed 0 throughout CAM search. The last row in each reduction tile,
i.e., reduction output, is preset to logic 0 before reduction operation begins. Reduction
output keeps the result of the NOR operation where each partial match is represented by
a logic 0 at its input. This NOR (along all columns of the reduction tile, simultaneously)
outputs a logic 1 only if #cells connected to a LL = #{query,key} segment pairs. When
#cells (connected to a LL) is less than #{query,key} segment pairs, the required voltage
to switch the corresponding output is greater than Vyogr, and hence, the output retains
the preset (= 0).

The #rows and #columns in a reduction tile depends on the #segment pairs and
#keys stored in each key tile connected to it respectively (= K x S CRAM cells where
K = #key words and S = #segment pairs). The discussion on multi-gate logic opera-
tions described earlier applies here as well, depending on S and the maximum #inputs
required by CAMeleon logic operations.

When not configured to perform CAM search, all cells in a (key or reduction) tile
are available for CRAM logic and memory operations. In order to use all cells in the
key and reduction tiles in regular CRAM operations, WL signals from corresponding
tile controllers are ORed with the signals from RSL and RB, respectively. Fig. [6.7
illustrates the idea. In case of CAM operations, RSL (RB) signals are used to drive the
rows in a key (reduction) tile; otherwise the WL signals generated by the tile controller

take precedence.
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Pipelining: Pipelining CAMeleon in order to reduce search latency is straight-forward,
where RBs in key tiles can act as pipeline registers. If the latency of key (reduction) tiles
is Txtites (Trtites), the total search latency of CAMeleon would be Teanrercon = Tktites +
Trtites- Both Triires and Thyies strongly depend on the number of logic gate operations
(during search) the tiles perform. Typically, key and reduction tiles perform similar
number and type of operations, so a balanced pipeline is possible, where T nseicon =
max(Txtites, Trtites) applies. In this case, read buffers store the partial outcomes from
key tiles, corresponding to a query, which reduction tiles use to derive the final search
outcome (i.e., reduction output), while key tiles begin with the search of the next query

from the query pool.

6.4 Evaluation Setup

We consider CRAM with STT-MTJ for CAMeleon. The performance evaluation of
CAM search using CAMeleon, in terms of latency /search and energy/search/bit, is per-
formed with an in-house step accurate simulator, where each step is a logic operation,
e.g., NOR. The energy and latency of NOR and AND gates are derived from the elec-
trical equivalent circuits (see Section . Table lists all STT-MTJ parameters
used in the evaluation [63] 64, [65]. The low power (LP) and high performance (HP)
variants of current MTJs — CLP, CHP, CHPA (ggressive) are considered to capture the
sensitivity of CAMeleon performance to device technology parameters. Similar variants
are considered for future (projected) MTJ (FLP and FHP), as well. All peripheral over-
heads (including RSL and query register related), at 22nm technology node, are derived
from NVSIM [120] and HSPICE simulations, by accounting for parasitic effects such as
wire capacitance.

Dataset: As CAM key word dataset, 1024 128-bit words are randomly generated and
each is used to generate 1000 128-bit query words with randomly placed (bit position has
no impact on performance or correctness of search output) wildcard bits— a large enough

dataset for average search performance characterization. The (default) #wildcard bits
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is assumed to be 50% of the query length (= 64). 128 key tiles (64 x 64) are required to
store the key dataset. Each key (and query) is divided into 8 (= 128/16) segments of
16-bit length. For reduction, 16 (64 x 64) reduction tiles are required (each reduction
tile reduces 64 key words). The total memory footprint is ~ 72 KB (~ 57% is used
during CAM operations) — the entirety of which is available to be used as a regular
CRAM array.

Logic gate configuration: The (default) #inputs to CRAM NOR gates is 8 (corre-
sponding to a good trade-off between overall performance and reliability of logic oper-
ations), and each key tile performs two such logic operations in sequence (since 16 key

bits are stored in each column of key tiles) before feeding a 2-input CRAM AND gate.

Table 6.1: Technology parameters.

Parameter CLP [ CHP [ CHPA [ FLP [ FHP
MTJ Type Interfacial PMTJ

MTJ Diameter (nm) 45 10
TMR (%) 133 500

RA Product (Qum?) 5 1

Ierir (RA) 40 90 180 0.79 10
Switch. Latency (ns) 3 1 0.3 1 0.3
Rp, Rp, Rivans. (KQ) 3.15, 7.34, 1 12.7, 76.39, 1

Baselines for comparison: Since CAMeleon is unique in the sense that it can switch
between CAM, and generic PIM modes, there is no appropriate baselines for evaluation.
However, to quantify the performance improvement of CAMeleon in TCAM mode, 8
state-of-the-art baseline TCAM designs are selected (shown in Table[6.2)), with different
device technologies. The numbers reported for the baselines and CAMeleon exclude

encoder overhead at the output.

Table 6.2: Baselines for comparison.

Baseline | SRAM | PCM | STT-MTJ! | STT-MTJ? | STT-MTJ? | STT-MTJ? | ReRAM! | ReRAM?
Reference | [3] @y | o2 23] =4 [25) [26) 07

6.5 FEvaluation

6.5.1 Performance Analysis

Fig.[6.8| provides the energy/search/bit and latency/search characterization (normalized
to [3]; the lower the better). Overall, CAMeleon with CLP consumes less energy
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than STT-MTJ- [123], ReRAM- [126, [107] and PCM-based [121] designs. With future
(projected) MTJ-variants (FLP and FHP), the energy consumption reduces even further
and CAMeleon outperforms all baselines. The baselines with STT-MTJ, ReRAM and
PCM use the memory devices to only store CAM data, unlike CAMeleon which also
performs computation (i.e., CAM search) with the memory devices — making CAMeleon
more sensitive to device technology parameters.

On the latency front, performance of CAMeleon is dominated by the switching la-
tency of the STT-MTJ devices. Due to longer switching latency of CLP, CAMeleon-CLP
suffers from the longest search latency across the board. As MTJ variants (CHP, CHPA,
FLP and FHP) exhibit increasingly lower latency, CAMeleon recovers latency signifi-
cantly, e.g., by a decrease of 8.1x from CLP to CHPA. Although the baselines outper-
form CAMeleon in terms of search latency, it comes with a significant energy (e.g., [123]
consumes 5.5x more energy than CAMeleon-CLP) and area penalty (e.g., [124] uses 5x
more transistors/cell than CAMeleon). Table compares all baselines and CAMeleon
in terms of area overhead (#Transistors/cell). The SRAM-based baseline [3], while
consuming less energy than most baselines, suffers from a high area overhead (16T /cell)
— making it difficult to fit in a tight area budget imposed by embedded/edge hardware.
CAMeleon, on the other hand, has smaller area footprint than most baselines, except for
[121], [126] and [I07] which have similar or slightly smaller footprint at the expense of
higher energy consumption, e.g., [107] consumes 25.8x more energy than CAMeleon-
CLP. Considering the finely tuned dedicated sense amplifiers for CAM search — required
by all these baselines (in addition to read sense amplifiers), CAMeleon is even more area
efficient.

In summary, CAMeleon outperforms a wide-range of baselines, in terms of area or
energy (or both), while maintaining a comparable search latency. CAMeleon, in BCAM

mode, exhibits similar energy (~ 0.1% less than corresponding TCAM numbers) on

average.
Table 6.3: CAMeleon TCAM cell comparison against baselines.

Parameter 3] [121] [122] [123] [124] [125) [126] [107] CAMeleon
Device SRAM | PCM | STT-MTJ | STI-MTJ | STT-MTJ | STI-MTJ | ReRAM | ReRAM | STT-MTJ
Tech. node (nm) 40 22 40 40 40 22 14 45 22
Cell 16T 3T-3R | 10T-4M 9T-2M 15T-4M 6T-2M 3T-IR | 2T-2R__| 3T-3M
Word Length (bits) | 144 128 144 144 144 256 128 8 128
Logic-capable No Yes
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Figure 6.8: Energy and latency comparison (normalized to SRAM [3]).
6.5.2 Sensitivity Analysis

TCAM energy consumption is sensitive to the #wildcard bits in the search query.
Fig. captures the relationship between energy/search/bit and % of Wildcard bits in
varying lengths of query word (normalized to 25% wildcard share). The energy con-
sumption decreases, although insignificantly (~ 1%), with increasing # Wildcard bits in
query. More wildcard bits tend to yield more matches between {query, key} segment
pairs— resulting in lower energy consumption due to AND gates with all logic 1 inputs,

which doesn’t incur switching.
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Figure 6.9: Sensitivity of CAMeleon to #wildcard bits.

30

Query length: Energy consumption in CAMeleon depends on the query length, as
well, although insignificantly. Table lists the energy consumption in CAMeleon
when the query length is varied between 32 and 128 bits (normalized to 128-bit). The
energy consumption (per search per bit) tends to decrease as query length increases
— indicating good scalability. This is because the dominant search energy component

(gate energy; > 60% of total) does not scale in proportion to the query length, e.g.,
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gate energy with 64-bit query is ~ 1.72x of that with 32-bit query — resulting in lower
energy /search/bit (vs. 32-bit) for 64-bit query.

Table 6.4: Sensitivity to query length.

Query length (#bits) 32 64 128
Energy/search/bit (norm.) | 1.29 | 1.11 | 1.00

Process Variation: The reliability of CAMeleon operations depend on the correct
switching events in CRAM logic operations. High #inputs to logic operations could
exhibit switching for incorrect input data. To understand the impact of process variation
on CAMeleon functionality, we considered variation in STT-MTJ and Vyogr. For MTJ
low resistance (Rp), we assume a o of 10% with 0.1% variation of TMR (which captures
the variability in oxide thickness and surface area), and a 5% standard deviation for
Vnor. Our Monte Carlo analysis for an 8-input NOR gate, with 10® iterations, shows
correct switching behavior ~ 100% of the time even under our conservative assumptions.
We also introduced incorrect switching behaviour in this 8-bit NOR gate to output
a logic 1 when 7 (instead of all 8) inputs are logic 0 (with default query and key
configurations). Since, in order to get an incorrect match between a {querykey} pair,
all corresponding segments have to yield erroneous match through such a (faulty) gate
(which is very unlikely), there was no erroneous match in CAM output for the queries.
Gate Width: Higher #inputs results in lower overall CAMeleon latency (more query
bits are searched with each logic operation) and lower energy (which decreases quadrat-
ically with #inputs), however, with increasing probability of incorrect switching behav-
ior, i.e., error in CAM search output. For example, with 16-input NOR gate, the latency
and energy consumption of CAMeleon reduce by 1.95x and 3 X, respectively, relative to
the 8-input gate based design. Such a rich trade-off space is attractive for approximate

CAM search, which we leave to future work.

6.6 Conclusion

The constrained execution environment in edge and embedded computing domains,
where CAM represents an ubiquitous functional block, requires low-overhead reconfig-

urability to re-purpose hardware resources, in order to stay within very tight area and
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energy budgets. In this chapter we present CAMeleon, a unique reconfigurable hard-
ware solution which fuses spintronic PIM and (B/T)CAM functionality in a seamless
and effective fashion. We show that CAMeleon can outperform a wide-range of CAM
baselines, in terms of area or energy consumption (or both), while maintaining com-
parable search latency — and unlike any of the baselines, while also supporting PIM

functionality.



Chapter 7

Gate-Flip Errors in PIM

7.1 Introduction

Conventional von Neumann machines make a distinction between compute and mem-
ory elements. Considering performance requirements of emerging data-intensive ap-
plications, however, the data communication overhead between compute and memory
elements has long become forbidding. Blurring the physical distinction between compute
and memory elements, Processing-in-memory (PIM) has proven itself as an attractive
solution to this drawback. Especially promising are true PIM substrates which directly
use memory elements for computation, obviating any need for data to leave the mem-
ory array [19] 23] 25| 2] [I5] [7T]. These architectures typically support extremely energy
efficient bit-wise logic operations which can run in parallel across all columns or rows
of the memory array, and as a result, can boost the performance of numerous emerging
applications including machine learning [21) 127 [128] and genomics [39, 99]. However,
to unlock this potential, functional reliability is a must.

Regardless of the specific architecture or underlying memory technology, PIM func-
tionality heavily relies on the memory devices for both data storage and computation.
Therefore, any non-ideality of memory devices (including but not limited to parametric
variation) directly affects the reliability of PIM functions. Moreover, most promising
PIM designs are compatible with traditional (CMOS) logic to incorporate conventional
circuitry for control at memory cell and array granularity, hence, are subject to tradi-

tional sources of (CMOS) variation, as well.
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In this chapter we present and quantitatively characterize gate-flips, an acute class of
PIM specific functional errors caused by parametric variation, where the logic function
of a gate incorrectly mimics the logic function of another. We investigate causes of gate-
flips in the form of low-level parametric variations along with propagation of gate-flip
errors to the end result of computation and the impact on accuracy. While PIM systems
inherit variations (and errors) from the underlying memory technology by construction,
no traditional error model (typically covering memory or computation in isolation) can
explain gate-flips by itself, as physics of gate-flips depends on how the PIM substrate
uses memory devices for computation — usually adopting unconventional techniques.
Without loss of generality, we use the spintronic Computational RAM (CRAM) [1]
as a case-study which is a reconfigurable, highly energy efficient parallel PIM substrate
used to accelerate a wide-range of applications [118] 99, 61]. CRAM follows true PIM
semantics, in that all computation happens within memory arrays, without relying on
dedicated logic or sense amplifiers at the array periphery. This also makes CRAM
especially prone to gate-flips, as would be the case for any true PIM architecture. On
the other hand, PIM architectures performing computation at the array periphery [26,
2, 16, 15, 129] usually utilize specially designed CMOS circuitry (or dedicated CMOS
logic blocks), and therefore are predominantly subject to CMOS process variations when
it comes to gate-flips. In true PIM substrates like CRAM, functional reliability depends
more on the underlying memory technology and the specific mechanism to perform
computation using memory cells, while the CMOS circuitry used for control still has an
impact.

The contributions of this chapter are as follows:

1. We present and quantitatively characterize gate-flips, a critical class of errors

affecting functional reliability of PIM systems.

2. We investigate underlying causes of gate-flips in the form of device-level parametric

variations.

3. We analyze the propagation of gate-flip errors to the end results of computation

and quantify the degradation in computational accuracy.

This chapter is organized as follows: in Section we present the types of low-level

parametric variations to consider. Section introduces gate-flips and links them to
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parametric variations and functional reliability. Sections [7.4] and cover the evalua-

tion methodology and results. Section discusses applying this error model to other
PIM architectures, and Section concludes the chapter.

7.2 Background

In a nutshell, logic operations in CRAM are, essentially, write operations where the
put data pattern determines whether a write at the output should take place or not,

according to the underlying truth table.

7.2.1 Variations and Error Modes in CRAM

Write errors: Write operation in MTJs is a stochastic process and depends on a
number of factors, including the write pulse duration, thermal stability faCtOIEI and
the write current [I3I]. The performance of MTJ write operation, for a given set of
parameters, is typically captured by the non-switching probability, i.e., write error rate
WER. A WER of < 10~ can be achieved with a write latency of as low as 3 ns [132] 133]
134], and experimental demonstrations for a WER, of < 1076 also exist [135]. With a
write current sufficiently higher than the threshold (I..;;) and a long enough write pulse,
WER can be lowered to < 107% [I36]. WER as low as 107! has been reported [137]
recently.

Stuck-at-faults: Stuck-at-faults usually emerge when the MTJ fails to change the
stored value to the write value during a write operation and can manifest in two major
ways: (i) Irreversible damage where the MTJ is stuck at one particular resistance level;
and (ii) the MTJ fails to write a particular value. The first case can be due to either
(a) oxide layer breakdown or (b) PVT variability (e.g., MTJ device defects or CMOS
access transistor defects). Most (~60%-70%) such faults are single isolated faults in
VLSI chips [13§].

Variations in critical current and write latency: Due to process variations, MTJs
in a CRAM array can exhibit varying critical current (I..;;) and write latency. Typically,

critical current follows a normal; write latency, a skewed normal distribution [139]

'a measure to quantify reliable retention of data in magnetic storage [130]
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140]. Variations in critical current and write latency can have grave repercussions for
functional reliability, hence computational accuracy.
Retention failure: Retention refers to the non-volatile nature of STT-MTJ, i.e., data
retention between successive write operations. Failure to meet the retention requirement
(i.e., retention failure) results in loss of data between memory/logic operations. Typi-
cally, a longer retention period corresponds to a higher write current through MTJ [I41].
Read disturbance: Read disturbance refers to inadvertently altering the data stored
in MTJ, during read operations, due to asymmetric scaling of MTJ write current and
sense amplifier circuitry.
TMR variations: The variability of oxide barrier thickness in STT-MTJ leads to
variation in the MTJ resistance [I30], and therefore, in the tunnel magneto-resistance
(TMR) ratio defined as = (Ry — Rp)/RL.
Variations in Vj..: Process variation of the CMOS transistors in the drive circuitry
may lead to variations in Vg4¢e, which directly affects the write current during logic oper-
ations. Such variations can be captured by a skewed normal distribution, as well [142].
Variations in transistors dominate MTJ variations for small transistors, whereas the

opposite becomes true as the transistor size increases.

7.3 Gate-Flips in Processing-In-Memory

7.3.1 Overview

Gate-flip refers to functional flipping of one logic gate to another. Gate-flips may cover
the corresponding truth table entries fully or partially. Fig. illustrates an example
gate-flip between a 2-input AND and a 2-input OR gate. The table shows the 4 input
patterns (00, 01, 10, and 11) along with the Preset and expected (correct, Final) output
value. The preset value 1 applies to both OR and AND. After Vyu:e = Vanp is applied,
the output of AND should switch (1 — 0) for all input patterns (i.e., current > I i),
except for the input pattern 11. On the other hand, for OR, after application of V4 =
Vor, the output should switch (1 — 0) for input pattern 00 only. Hence, under correct
operation, for input patterns 00 and 11 the switching patterns of these gates are the
same. The differences in the switching patterns come from input patterns 01 and 10,

and consequently, if these switching patterns, for any of these gates, mimic that of the
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other gate, a gate-flip would be the case. We will refer to these input patterns as flip
patterns. Only the output switching patterns corresponding to flip patterns can cause a
gate-flip between a pair of different logic gates. Therefore, we can identify flip patterns

specific to pairs of logic gates.

Out Out
o | I1 AND OR

VGATE . VGATE .
Preset —=» Final No Write Preset —=— Final

0 1 i1 —— Ol 1l e 1
1 0 il — 0| 1 —— 1i
"""""""" ] Unintended pg=========z==mmmns

1 1 1 —— 1 pWwite ] 1 —— 1

Figure 7.1: Gate-flip between logic AND and OR in CRAM.

If any of the flip patterns in AND result in a non-switching event instead of a
switching one, i.e., a write error, the output would correspond to that of OR. Similarly, if
the output of OR switches incorrectly for any of these flip patterns, the output would be
same as that of AND. Although in this example we excluded corrupted presets, presets
(essentially being write operations) are also susceptible to erroneous write events and
can give rise to gate-flips by themselves. For example, if the preset (=1) operation of
AND fails, and the output cell’s last stored value was 0, there cannot be any switching,
simply because the current direction through output MTJ for a 1 — 0 cannot achieve
a 0 — 1 switching. On the other hand, if the last stored value was 1, the preset error
would be masked.

Gate pairs with higher number of inputs are equally susceptible to gate-flips. Ta-
ble[7.1]shows potential gate-flips between MAJ(ority)3 and 3-input AND and OR gates.
The input patterns that have the same expected output switching pattern between
{MAJ3,AND} and {MAJ3,0R} are marked by X. The rest of the input patterns can
cause a gate-flip: For AND, a gate-flip would be the case if there is no 1 — 0 transition,
whereas for OR, it would be undesired 1 — 0 transition.

Gate-flips also apply to gate pairs with different number of inputs: For example,
a 3-input MAJ3 and 2-input AND gate, assuming that one of the inputs of MAJS
experiences a suck-at fault. We can identify the flip patterns in this case, following the

same methodology in the previous examples, by (i) assuming that one input of MAJ3
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Table 7.1: Flip patterns for MAJ3 (preset=1) to AND and OR.

I, | I, | I, | MAJ3 | AND | OR
0 |0 |0 |0 X X
010 |1 |0 X 151
0 [1]0 0 X 151
0 |1 |1 |1 150X
110100 X 11
110 |1 |1 150 | X

1 110 |1 150 | X

T 11 |1 |1 X X

is stuck at a value (0/1); and (ii) treating the remaining MAJ3 inputs as inputs to
a 2-input logic gate. We repeat (i)-(ii) for each input of MAJ3 and finally, take the
union of all of the flip patterns identified this way. Not surprisingly, the resulting flip
patterns for {MAJ3,2-input AND} and {MAJ3,2-input OR} pairs are identical to the
ones shown in Table [7.11

7.3.2 Gate-Flips and Low-Level Error Modes

Gate-flip is a high-level error model that captures the impact of ambiguous behavior
in PIM logic gates — in terms of non-ideal switching events at the output of the logic
gates in the context of CRAM. Intuitively, there is a deeply-rooted relationship between
a gate-flip error and device-level errors in MTJ. To understand this, let’s look back at
Fig.[7.1] The no write event, that causes AND to mimic the switching patterns of OR,
can be caused by a number of low-level errors in STT-MTJ. Probabilistic write errors (as
quantified by WER) can introduce a no write event randomly and result in AND — OR
gate-flip. Also, if the write (i.e., drive) current is less than the critical current, due to
a variation in either the critical current (due to process variation in MTJ) and/or the
drive current (due to fluctuations in gate voltage Vyqze), a no write event could occur.
Similarly, an OR — AN D gate-flip error happens if there are unintended writes (1 — 0)
for the flip patterns. Such unexpected writes can be the result of variation in TMR ratio
(i.e., actual resistance of the output cell is lower than assumed) and/or the drive current.

Potentially a permanent stuck-at-1 fault at the output could also affect an AND —
OR gate-flip, by keeping the output state constant at 1 during logic operations. Sym-
metrically, a stuck-at-0 fault at OR output could, effectively, cause an OR — AND
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gate-flip error. However, permanent stuck-at-faults can be characterized experimentally
and avoided during mapping of an application to the PIM substrate [143]. Therefore
we exclude them as a potential source of gate-flips. Temporary stuck-at-faults, on the
other hand, manifest themselves as write errors and are captured by write errors in our
analysis.

Computations in CRAM are concerned about stored data only as inputs to logic
operations. Retention failure and read disturbance affect the states of the potential
(gate) inputs between successive writes and during read operations, respectively. Errors

in gate outputs (rather than the inputs), however, give rise to gate-flips.

7.3.3 Putting It All Together: Gate-Flip Matrix

We can define potential gate-flips for each gate using the method of exclusion. If 7 is
the set of all logic gates, then a gate in Z can flip to any gate in Z, except to itself,
provided that the gate pair has the following properties:

1. Same preset: The gates that do not have the same preset, e.g., AND (preset = 1)
and NAND (preset = 0), have a V4 of opposite polarity, i.e., direction of current
flow through output cell is different. This difference in preset makes a gate-flip

harder, if not impossible.

2. Flipping gate should have a higher number of inputs: The number of inputs of a
gate dictates the probable gates that are candidates for a gate-flip and whether
gate-flips would be symmetric. For example, a 2-input AND gate can potentially
flip to a 2-input OR gate, and the reverse is also true given both logic gates have
the same number of inputs. On the other hand, for a 3-input MAJ (ority) gate
and a 2-input AND, the gate-flip becomes uni-directional (i.e., M AJ3 — AN D).

Using these rules, the flip-matriz in Fig. [7.2] captures probable gate-flips between each
pair in a representative (and universal) set of commonly used CRAM gates. The logic
gates with both preset domains are considered, e.g., MAJ3 (preset = 1) and MAJ3B
(preset = 0). The matrix reveals all pairs of gates that are vulnerable to gate-flips (along
with the reason for the pairs which are not susceptible to gate-flips). The majority of
the gate pairs are either protected by preset (i.e., require different presets) or difference

in input counts.
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NOR
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MAJ3B
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Figure 7.2: Gate-flip matrix.

7.3.4 Impact on Functional Reliability

In the worst case, the error at the output upon a gate-flip would propagate to the sub-
sequent logic operations and reach all the way to the application output to generate an
incorrect result. Along the way, masking is always possible, as, e.g., could be the case
under preset errors. Masking may work in our favor to preserve the computational ac-
curacy. Depending on the application, and the extent of algorithmic noise tolerance and
masking, the impact of gate-flip errors may or may not be tolerable. Hence, functional

reliability analysis represents a key step in mapping applications to PIM substrates.

7.4 Evaluation Setup

The error model is implemented in high-level languages (C++ and Python) and inte-
grated into the selected benchmark applications— in order to capture the error exhibited
by a CRAM tile(s), at the granularity of each CRAM cell. The number of tiles and tile
dimension are selected based on the specific application and the corresponding inputs.
We consider CRAM with STT-MTJ here. The STT-MTJ parameters assumed are same
as [I18]. Two main write events: no write (i.e., write fail) and erroneous write (i.e.,
unintended write), responsible for causing gate-flip from a high-level point of view, are
captured using two respective error rates, Ry, write and Rpqr_write- Subset of low-level
errors would converge into one of these two write error events—exhibiting a gate-flip, in
effect. Both error rates are swept simultaneously to observe the impact on applications’
reliability. Only the gate-flips between equal fan-in gates are considered, following the

gate-flip matrix.
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Table 7.2: Benchmarks for evaluation.

Application Dataset | Input
Support Vector Machine (SVM) | MNIST Support vectors: 51

7.4.1 Benchmark Applications

As a representative benchmark, Support vector machine (SVM) is selected. Table
lists the benchmark details. This application, from a gate-flip perspective, covers a wide
range of gate-flips, hence is interesting for this study.

Support Vector Machine (SVM): We use SVM for inference only, with MNIST [144]
(gray scale 28 x 28 image/digit recognition dataset). The dataset has 10 classes for digits
0 through 9. We use a binarized version (> threshold is set to 1; 0 otherwise) of the
dataset, with a polynomial kernel of degree = 2. After training is done on host machine,
during inference, the support vectors are mapped to separate columns of a CRAM tile.
During inference, dot product between an input vector (i.e., test data) and all support
vectors are performed, followed by squaring of the products and multiplying by the
co-efficients, before adding them together. The dot product operations in binarized
SVM are effectively bitwise AND operations. Therefore, the logic gates susceptible to
gate-flip in SVM inference are AND, MAJ5 and MAJ3.

Data Layout: The corresponding high-level data layout of SVM is illustrated in
Fig. Each column in a CRAM array holds a support vector, the corresponding
label and co-efficient— derived from the training of SVM with training data. Since in-
ference involves computing kernel function with all support vectors (and corresponding
label and co-efficient) for each test data (i.e., image), the same input test data (= z) is
copied on all columns; as a result, the inference for a test data progresses on all columns
at the same time, leveraging the column parallelism in CRAM.

Yy | X | a I Z scratch

+«—— columns

Figure 7.3: Data layout in CRAM for SVM inference (y: label, x: support vector, a:
co-efficient, z: input data).
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7.5 Evaluation

7.5.1 Impact on Accuracy

The accuracy of SVM inference, with the test images from MNIST dataset, is shown in
Fig. As Ryowrite 1s reduced (with Rpg, write constant), the general trend shows
that, for most cases, the accuracy becomes closer to that with no error (Ryo write =
Rgrr write = 0). Also, the maximum accuracy achieved by varying Ry, write is de-
pendent on Rg,r_write; the lower the Rg. wyrite, the higher the maximum accuracy.
All of these observations fall in line with the intuitive understanding of how CRAM
operates— more error (no write or erroneous write) contributes to the downgrading of
accuracy values. Having said that, even with the pessimistic assumption of Ry ywrite =
RErr write = 1077, the accuracy is still > 60% (actual error rates in STT-MTJ are much
lower than this, refer to section . For Rnowrite < 1072, the maximum accuracy
(for most cases) is ~ 85%, that reaches ~ 97% for Ry, write = 1075, Overall, SVM

inference have resilience against the errors to maintain high accuracy output.
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Figure 7.4: SVM inference accuracy with both no write and erroneous write events.

7.5.2 Gate-flip Statistics

The corresponding gate-flip statistics are captured in Fig. where the #flips are

presented as a % of total errors observed (i.e., not all errors cause gate-flip). The bars
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are grouped by Ryo write- As the trends indicate, for a given Ry, write, the % of no
flips (i.e., errors that do not correspond to flip-patterns) improves with lower Rgy_write-
Also, gate-flip to AND (particularly from MAJ5) decreases as Rgpr_write is decreased—
since it is less likely to have a flip to AND with lower Rgy, write, across the board
for different Ry, ywrite- Since SVM inference involves a high number of 1-bit additions
(used in dot-product computation, and multiplications), and MAJ5 and MAJS3 refer
to sum and carry outputs respectively, the accuracy loss is maximum when there are
significant amount of M AJ5 — AND/OR flips (refer to Fig. . Accordingly, MAJ3
flips are less likely to result in severe accuracy loss, as also captured by relatively lower

(than MAJ5) shares of MAJ3 flips at higher error rates, i.e., high accuracy loss.
1
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Figure 7.5: Gate-flip statistics for SVM (grouped by Rno_write)-

7.6 Discussion

Given that gate-flip is a high-level error model that captures the errors introduced by
unexpected behavior of the logic operations, this model is easily transferable to any
PIM architecture-regardless of the actual underlying mechanism at play. For example,
gate-flip errors in a PIM architecture that utilize SA (sense amplifier) to perform bit-
line computing, i.e., logic, can be attributed to different low-level parametric variations,
e.g., SA threshold (that decides the output of a logic gate), device-to-device variability,

cycle-to-cycle variations in resistance [I145] etc. As long as we are able to interpret
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the deviations from expected logic behaviour— in terms of the high-level events (e.g.,

Rnowrite), gate-flip model can be applied to any PIM architectures.

7.7 Conclusion

PIM architectures, although regarded as a highly attractive solution to the memory
bottleneck problem in data-intensive applications, can potentially impact the reliabil-
ity of an application mapped to it due to imperfect device and circuit-level variations.
In order to quantify the errors introduced into the applications, by misbehaving logic
operations, we present gate-flip error model that represents a novel class of functional
errors in PIM architectures. This high-level model is able to capture the errors intro-
duced at the logic gate granularity, circumventing low-level errors in the system— to
quantitatively measure the error resilience of an application in the context of that PIM

architecture.



Chapter 8

Conclusion

8.1 Summary

Processing-in-Memory (PIM) or in-memory computing is reinventing itself as a viable so-
lution to the memory wall problem of von Neumann computing model, in the context of
data-intensive applications. In this thesis, we explore the adoption of PIM architecture,
particularly computational RAM (CRAM), for applications that use high volume of data
and that benefit from the corresponding reduction in data movement overhead when
mapped to a PIM architecture. We explore highly important and data-intensive ge-
nomic pattern analysis application— Burrows—Wheeler Aligner (BWA), through direct-
mapping approach and achieved significant performance benefit over state-of-the-art
baselines. Adopting HW/SW co-design approach in designing such genomics acceler-
ators, we achieved even better performance than direct-mapping approach, with DNA
sequence pre-alignment (and other similar pattern matching), and RNA-Seq abundance
quantification applications. These genomics applications are essentially large-scale data-
intensive pattern matching workloads that benefits from CRAM-based implementation,
especially in terms of energy efficiency. Overall, we demonstrate the direct and HW /SW
co-design approaches required for mapping applications in CRAM, while keeping the
corresponding software features intact. We show the analytical approach required to
identify the opportunities in offer, in terms of performance gain, for an application
when mapped to a given PIM architecture. The challenges we experience are discussed,

with details of optimal solutions to those problems. Considering the pattern matching
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workloads, unconventional computing such as content addressable memory (CAM) is
particularly useful in hand-held devices. To address this potential use case, leveraging
the energy efficiency benefit of CRAM, CAM functionalities (based on CRAM) are also
introduced in resource constraint environments, such as edge/IoT platforms. Such CAM
design supports reconfigurability between CAM mode, generic logic and memory modes
of operations, with very low reconfiguration and area overheads while maintaining the
energy efficiency benefit of CRAM.

As wide-scale adaptation of PIM requires a deeper understanding of the functional
reliability, we propose an error model that captures a novel and acute class of error—
gate-flip in PIM architectures that are similar to CRAM, while the error model itself
is applicable in different PIM architectures. We show that the applications suited for
mapping to CRAM or similar architectures have inherent error resilience to hide or

reduce the errors introduced by incorrect logic operations.

8.2 Future Research Directions

The future research directions are considered to be spread along two major axes: i)
extension of the already explored ideas into other interesting application(domain)s and
ii) new research directions that would benefit the ideas explored so far and probable

future extensions.

8.2.1 Extension of CRAM-based Designs

The pattern matching accelerators, namely SpinPM, CRAM-Seq and BWA-CRAM, can
be adopted for more interesting applications in the respective application domains and
beyond. The direct-mapping design methodology presented in BWA-CRAM would be
useful in mapping more state-of-the-art domain-specific applications that are suitable
for PIM-based implementation from other application domains as well, such as BitFun-
nel (web search) [146], DBSCAN (data clustering) [147], Breadth-First-Search (graph
processing) [148] etc.

On the other hand, HW/SW co-design approach explained in SpinPM and CRAM-
Seq would provide guidelines for mapping other popular and memory-bound applications

in CRAM, from a wide-range of domains such as genomics [149], machine learning [21]
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and large-scale graph analytic [I50]. It would be interesting to evaluate the potential of
these designs in domain-specific accelerator context too.

Since the underlying principle of performing CAM search using in-memory logic
operations, as illustrated in CAMeleon, is generic, it would be beneficial to explore the
benefits of adopting CAMeleon in different HW architectures, e.g., CPU/GPU pipeline,
core functional block for DNA sequence alignment etc. It would also be interesting to
see how much benefit other PIM architectures can provide when modified to perform
CAM search with minimal area overhead, following the row selection logic based design
modifications presented in CAMeleon.

Overall, the goal of these extensions would be, mainly, to understand the impact
on performance when mapped to CRAM, compared to other PIM architecture-based

implementations.

8.2.2 New Research Dimensions

There are a number of new dimensions that should be explored next, in order to improve
different aspects of application mapping and system integration of CRAM hardware.
Majority of these ideas are also applicable to other PIM architectures, hence would
constitute significant contributions to PIM literature.

Identification of PIM-compatible Kernels: Any application mapping process be-
gins with identification of opportunities for PIM-based acceleration, in that application.
Often times, it involves deeply understanding the problem and the corresponding soft-
ware implementation, i.e., application— which is not straightforward for a person with
no background in that application domain. An automated tool that identifies the func-
tions/code blocks, that are PIM-compatible and dominate the performance through
memory-heavy execution, would be a great asset to the PIM-based system designers.
Such a tool would be useful in greatly reducing the turnaround time required for map-
ping an application to a given PIM architecture. In addition to the identification of
PIM-compatible kernels, this tool could be extended to output an optimal data layout—
for a given PIM architecture and a set of objectives, e.g., latency, throughput, energy
efficiency etc. as well.

Amorphous Parallelism: Amorphous data parallelism is a form of data-parallelism

that is ubiquitous in irregular algorithms, spanning a wide range of applications— from
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data-mining to scientific computation to machine learning. Understanding irregular
applications in term of amorphous parallelism could result in better exploiting the par-
allelism in irregular algorithms, as opposed to the usual way of understanding the data
parallelism present in those applications. This approach would, potentially, enable more
applications to be mapped in CRAM and other PIM architectures, with sizeable per-
formance benefits.

Variation-aware Mapping of Designs: Due to presence of process variations in
devices used in PIM architectures that are heavily device-dependent (especially when
performing logic operations in-situ), it is often difficult to map different designs on the
same PIM substrate of a given size. Pessimistic design choices enable reliable operation
of all devices on a substrate, however at the cost of attainable performance by the faster
devices on that substrate. Such problem would be significant as the packing density of
emerging memory cell technologies improves and multiple interconnected designs (e.g.,
accelerator) are mapped to a single PIM substrate. An aggressive mapping technique
would consider the distribution of parametric variations of devices on a substrate, and
map the designs in a way to leverage faster devices for a design with longer latency—

thereby, reducing the overall latency of the designs mapped to that substrate.
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