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ABSTRACT

Despite increases in logic density, many Big Dajalieaations must still be partitioned across muetip
computing devices in order to meet their stricf@anance requirements. Among the most demanding of
these applications is high-energy physics (HEP)chvluses complex computing systems consisting of
thousands of FPGAs and ASICs to process the sdasaicreated by experiments at particles accetsrato
such as the Large Hadron Collider (LHC). Desigréngh computing systems is challenging due to the
scale of the systems, the exceptionally high-thihpug) and low-latency performance constraints that
necessitate application-specific hardware impleatents, the requirement that algorithms are effitye
partitioned across many devices, and the possiése o update the implemented algorithms during the
lifetime of the system.

In this work, we describe our research to develexilile architectures for implementing such large-
scale circuits on FPGAs. In particular, this wasknotivated by (but not limited in scope to) higresy
physics algorithms for the Compact Muon Solenoit&} experiment at the LHC. To make efficient use
of logic resources in multi-FPGA systems, we introgl Multi-Personality Partitioning, a novel form of
the graph partitioning problem, and present partitig algorithms that can significantly improve
resource utilization on heterogeneous devices vdifle reducing inter-chip connections. To reduee th
high communication costs of Big Data applications, also introduce Information-Aware Partitioning, a
partitioning method that analyzes the data conténapplication-specific circuits, characterizesithe
entropy, and selects circuit partitions that en&fieient compression of data between chips. Wpleyn
our information-aware partitioning method to impeothe performance of the hardware validation
platform for evaluating new algorithms for the Cl&eriment.

Together, these research efforts help to improgeetficiency and decrease the cost of the devedopin
large-scale, heterogeneous circuits needed to enalfge-scale application in high-energy physicd an

other important areas.
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1. Introduction

1.1. Motivation

In recent years, the rise in prominence of 'BigaDat a catch-all term for computing problems based
on vast datasets generated from domains rangimng $dentific experiments to internet search to aoci
networking — has helped to maintain interest inigtéag large, many-node distributed computing
systems in spite of continued increases in peregelaigic density. Many systems designed to hanije B
Data applications are becoming more and more hggaemus, as graphical processing units (GPUs) and
field programmable gate arrays (FPGAS) are incngdgiused to improve these applications’ throughput
or response time. A prominent example of this tgpeystem is present in the Large Hadron Collider
(LHC), a massive high energy physics experiment pnacesses Petabytes of data per day. To analyze
the data produced in its experiments, LHC depemusreal-time computing systems made up of
thousands of application-specific integrated cicASICs), FPGAs, and general-purpose processors.
The original design for these systems was an agland expensive process, relying heavily on a manua
design process, and resulted in a highly completesy that could not be easily changed.

With the LHC's computing systems due for an overlaypart of a large-scale upgrade to enable the
next generation of high-energy physics experimgijtshere is renewed motivation to rethink thetegs
architecture and automate prototyping techniquespoove the efficiency and reduce the complexity o
the system. Previous research in the specific @ré&gh-energy physics computing architectures amd
the more general problem of system partitioningsdoet adequately account for the scale, degree of
heterogeneity, or performance requirements of tHE LThis underscores the need for new algorithms
capable of improving design automation for masdieterogeneous computing systems.

The motivation to efficiently partition logic andfieiently utilize communication resources is not
limited to the LHC, and applies more broadly toestlapplications that are distributed across large

hardware systems. Multi-chip systems based ondmggeeous FPGAs are frequently used for emulation



and prototyping in ASIC design and for other higtotighput, latency-sensitive application domairchsu
as network processing and high-frequency tradirgjetdgeneous processor clusters are also incréasing
common in supercomputing and cloud computing, wiagmications must be mapped to heterogeneous
compute nodes, and data transmission betweeniqastits expensive, whether it is at the inter-chip,
inter-rack, inter-cluster, or inter-datacenter leWge will examine how the algorithms we develoged
automating the design of high-energy physics systean be more generally applied to the broader
problem of partitioning an application across hegeneous, distributed resources in order to effthie

utilize the available logic and minimize communioatcosts.

1.2. Objectives and Contributions

The goal of this dissertation is to improve theiglegprocess for large-scale, heterogeneous digital
systems, with a focus on the special challengesepted by the exceptionally large and high-
performance distributed hardware systems usedgh-émergy physics. Such systems have an essential
role in enabling cutting-edge scientific reseatoli present unique problems that often go unadeldess
by the commercial market. This presents an exdetportunity for meaningful contributions from
academic research. The research work we will desdn this document is divided into three major
projects.

First, we analyze the design process of a stathesfrt, real world application in the domain othi
energy physics: the Regional Calorimeter Trigge€TIRsystem for the Compact Muon Solenoid (CMS)
experiment. Because high energy physics systemsreetheir algorithms to co-exist on hundreds of
chips, feature large amounts of interconnectiorny have tight performance constraints, they can be
difficult to modify even when built on reprogramntaltmardware. This can be a significant limitation f
physics researchers, as they may want to evolveeglace their algorithms over time to adapt to
experimental conditions or search for new phenoni@haTo address this problem, we develop new
FPGA-based architectures for implementing importapérations in physics processing that reduce

variations in performance and resource costs. THesign allowing physicists to more easily alted an



upgrade their algorithms without requiring majodesigns of the hardware systems that implement the
algorithms. As part of our design exploration pss;eve also attempt to characterize some of the key
challenges presented by the design the upgradedsR€&m, which serve as motivational factors far ou
later work on automated design partitioning.

Second, we formulate a new version of a graphtmaring problem, multi-personality partitioning
(MPP), in order capture the new challenges predenteen partitioning designs for implementation on
large heterogeneous systems with flexible resoursesh as FPGAs and supercomputers. Although
circuit partitioning has been the subject of muekearch in the past, prior work does not adequately
model heterogeneous devices, resulting in eitheffialent use of device hardware or high
communication costs between devices. For largeesapplications that require many devices, this can
lead to more expensive, complex, and difficult taimtain hardware systems. To address these
challenges, we develop general and targeted hiesrifstr optimizing the use of device hardware and
communication resources by creating automated itthgas for solving multi-personality partitioning
problem, implement them in partitioning softwaradaanalyze their efficacy on a set of modern-sized
benchmarks.

Third, we extend our research into partitioning ditempting to improve the ability of automated
algorithms to optimize partitioning decisions basmd functional knowledge of application-specific
circuits. To this end, we develop and evaluateraated methods for analyzing the data content ofiitir
signals and exploiting signal redundancy to deerehe cost of inter-partition communication in krg
partitioned systems. We create a benchmark seargé lapplication-specific circuits with charactiécis
input data sets and demonstrate that many of thealsi within these circuits have low average
information content as measured by their Shannamogyn We demonstrate that we can exploit
knowledge of signal entropy with automated panmitigy algorithms to create partitions with signifitig
lower cross-partition information cut sizes. We |vékplore different methods to characterize signal
entropy, including both simulation and logic an@ylsased approaches, and evaluate their relative

accuracy, computation times, and impact on cirquidlity. Finally, we detail one proof-of-concept



application by introducing inter-partition data qomession to the Level-1 Trigger Emulator, a hargwar

validation platform used in the development of héglergy physics applications.

The specific contributions of each project are eenated below.

Flexible FPGA-based Architectures for High EnerdwBics

We develop firmware and software tools used indégign exploration process of the high-
luminosity RCT system for the CMS experiment atlthege Hadron Collider.

We characterize the key algorithms used in caldemeased particle triggering applications

and their related implementation costs on hetereges FPGAS.

We design and evaluate logic architectures forterga@oarse-grained look-up tables to allow
flexible implementation of physics algorithms. Wsacaperform a Monte Carlo analysis of

cost variations in these architectures based ongdsato the parameters of the algorithms to

quantify the impact of altering key algorithm paegtars.

Multi-Personality Graph Partitioning

We provide a formal definition of the new partitiog problem for heterogeneous, flexible-
resource systems, describe its complexity, anaddoire a new quality metric for balancing
resource utilization across heterogeneous progeesides.

We create a set of large multi-personality graphchenarks based on graphs derived from
publicly available, real-world circuits and softwaask graphs

We design an integer linear programming (ILP) mddelmulti-personality partitioning, and
evaluate its performance and spatial complexitpgisophisticated third-party ILP solvers.
We develop software for implementing MPP using adified version of the Kernighan-
Lin/Fiduccia-Mattheyses (KLFM) heuristic to suppomultiple personalities, including
modification to gain bucket data structures, cltiste personality remapping, and deadlock
prevention. In our analysis, we evaluate how varioaplementation choices affect solution

quality and run time.



Information-Aware Circuit Partitioning

1.3.

We evaluate different metrics for characterizingnal information content in circuits,
including simulation-based vs. structure-basediogetr

We develop methods measuring and estimating thepmntof wires within a circuit and
experimentally evaluate them in terms of their catapon time, measurement accuracy, and
impact on circuit synthesis. We integrate entromtadinto the partitioning algorithms
developed for MPP, prove that it is possible toiewd information cut sizes that are
significantly smaller than conventional wire cutes, and observe how partitioning decisions
vary when using entropy to select partitioning eattnan traditional metrics.

We quantify the advantages of information-awardif@aming through compression of inter-
partition signals using entropy coding.

We identify other application domains that may Higrfeom content-aware partitioning by
developing a set of diverse application-specifiadienark circuits with representative data
sets.

We demonstrate the practical use of informationrawzartitioning on the RCT design as
implemented on the Level-1 Trigger Emulator to tifgncompressible signals and reduce

system bandwidth requirements and improve perfocaan

Document Organization

The remainder of this document is organized asvia! In Chapter 2, we introduce background

information on FPGAs, processing systems for higérgy physics, graph partitioning, and high speed

serial data transmission, and information measuneiinedigital systems. In Chapter 3, we describe ou

work designing flexible hardware designs for thevdlel Regional Calorimeter Trigger as part of the

High-Luminosity Large Hadron Collider project. Inh@pter 4, we introduce a new type of graph

partitioning problem — multi-personality partitiony (MPP) — designed for partitioning heterogeneous

logic devices. We also describe the developmentimptementation of multiple algorithms for solving



the MPP problem and evaluate their efficacy whettitfming large-scale circuit designs for FPGAs. |

Chapter 5, we apply concepts from the field of infation theory to the circuit partitioning problem,
developing an entropy-based algorithm capable dfitip@ing circuits to minimize the bandwidth

between chips when using compression. We demoadtrat our algorithm can significantly improve the
performance of a hardware emulator system built\Vaiidating the design of high energy physics
computing systems. In the remaining chapters, wensarize our contributions, outline potential future
research directions, and enumerate research piittisaproduced from our work. We also include a
supplementary survey on triggering systems for heglergy physics in the Appendix that provides

additional historical context for our research itite development of electronics for physics expernits.



2. Background

In this section we provide a brief introductionsiame of the core technology and terminology which
will serve as a basis for our later descriptiontlodé research in high energy physics architecture,
heterogeneous netlist partitioning, and informaaavare circuit partitioning. Additional related vidfior

each project is included within their respectivamters and in the appendix.
2.1. Field Programmable Gate Arrays (FPGAS)

Field Programmable Gate Arrays are devices commasiy for implementing digital logic circuits.
A key feature of FPGAs is that they are reconfiglgathat is, they can be programmed multiple times
allowing designers to change the logic functionplemented on the same FPGA. In this way, FPGAs
offer some compromises between the performance effidiency of application-specific integrated
circuits (ASICs) and the flexibility of softwarenmming on general-purpose processors. Unlike theCASI
design model, where a custom circuit is built tlement a specific logic design, FPGAs are mass
produced in different sizes, and designers mughdéir logic into the available resources of theSRARP
FPGAs are frequently used in the following typesigplications:
« Applications that need higher throughput, loweethatty, or better efficiency than is offered by
software, but must also be easily upgraded or swgbort multiple different designs.
e Specialized, small market applications where thealmer of devices needed does not justify
the high fixed costs of ASIC development.
« Time-critical circuit development or design explima, where the time to produce an ASIC is
prohibitive.
e Circuit emulation for the purpose of functionaltieg and debugging in the process of
developing ASICs.
Modern FPGASs contain heterogeneous logic resouhaesur work, we will use FPGAs produced by

Xilinx [3] in our design processes, but for the pases of our work they are not substantially oéifer



from FPGAs from other vendors. There are three gnynmnesource types on these FPGAs: small look-up
table (LUT)-based blocks that can implement gerferictions with a small number of inputs (we retfer
these as configurable logic blocks or CLBSSs), hifgimsity configurable memories (block RAMs or
BRAMSs), and units for performing fast arithmeticepations, such as multiplication and addition (adigi
signal processing blocks or DSPs). Circuits arelémgnted by programming the LUTs and connecting
them to one another and the other resources usingnfigurable routing network. Internally, the
resources are organized into blocks and regiotirsg @shierarchal routing scheme that allows highain
block connectivity and restricts the amount of gllobonnectivity. For off-chip communication, FPGAs
have traditionally contained a large number of beirdO pins, but in recent years some FPGAs have

added multiple high-speed serial transceivers. \llaliscuss these further in Section 2.4.

2.2. Processing and Data Acquisition for High Energy Phsics

High-energy physics (HEP) is a scientific disciplithat studies particle interactions at energyléeve
that exceed those that occur naturally on earthP IHtties on the use of particle accelerators/caritid
enormous machines that accelerate sub-atomic leartic near-luminal velocities and then collidenthe
together. An accelerator houses one or mexperiments collections of complex sensors, signal
processing, and computing systems that colleceaatl/ze data from the collections. At various mint
this document, we will refer to systems belongioghe Compact Muon Solenoid (CMS) experiment at
the Large Hadron Collider (LHC), the largest andsthppwerful particle accelerator in the world (seon
be upgraded to the High Luminosity LHC (HL-LHC) [4his upgrade serves as part of the motivation for
our work).

One of the characteristic processing challengd$Ed? is the massive amount of data that is produced
by experiments. The amount of data produced byxgereament is the product of the rate at which the
accelerator can produce collision events and theuaimof data that is collected for each event. For
instance, the LHC can produce new data sets e'ens2and CMS's sensors collect data at a rate of 1

Petabyte (PB) per second [5]. It is infeasible ttires such large amounts of data, so HEP experiments



employtrigger systems- specialized processing units that perform rieaétanalysis of the sensor data
and rapidly decide which data should be acquireduidher study and which data should be immedyatel
discarded. Because sensor data must be bufferedydhis decision process, trigger response timstmu
be very fast in order to keep buffer sizes reaslenalie will describe the specific properties ofytyer

algorithms in greater depth in Chapter 3.
2.3. Graph Partitioning

Graph partitioning is one of the classic NP-Con®lptoblems in computing [6]. Partitioning has
many practical applications, but within the contekthis document, we focus on its applicationhe t
design of digital systems. Circuits or computatidaaks can be expressed as hypergraphs, whers node
are used to model circuit element, logic functiontasks (depending on the level of granularity)l an
edges are used to model wires, buses, or commiamicatannels. Partitioning such graphs is a key ste
in processes such as circuit floorplanning, rapiotqiyping of multi-chip systems, and scheduling of

large software tasks in distributed computing.

2.3.1. Homogeneous Hypergraph Partitioning

The hypergraph bipartitioning problem is defineddzh on two components: a constraint related to
balancing the nodes in each partition and an op#ititin objected related to the edges that span the
partitions. Formally, the node constraint is expegs as follows: Given a hypergragh= (V,E),
composed of nodes € V and hyperedges € E, with node and edge weightg(v) and w(e)
respectively, divide all nodes @ into two disjoint setsV; andV, (i.e.,V; UV, =V, VNV, = @),

subject to the constraint that the sum of node Rtsitn the two subsets are equal:

z w(v;) = Z w(v,) (1)

ViDV]_ VJDVZ
For a circuit netlist, the node weight might regmsthe area or number of resources consumed by a

given logic block, and for a software task it mighpresent the number of cores or memory footprint
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needed by the task. For most practical problernssstfficient to simply require that the partitiomse of
similar size rather than being equal. For exampltbe constraint were modified to ensure the dédfece
in size was less than 1%, the previous equatioarhes:

D ow(v) - D w(y)[<0.01) w(v) (2)
ov

Vi DV]_ Vj W] V2

The actual imbalance threshold can be chosen toretisat each partition can be implemented within
a given resource budget. On its own, the node m@ing given in Equations (1) and (2) are formolasi
of the well-studied set partitioning problem [7hél graph partitioning problem uses set partitiordag
constraint for the graph's vertices and adds aimdgattion goal based on the graph topology. Theioth
component of the graph partitioning problem isdpémization objective. The most common objectise i
to minimize the sum of the weights of all edges Hgperedges in the case of hypergraphs) that span
between the partitions — a metric referred to assjanor cut size Cut size reduction is a useful
optimization goal because inter-partition connetimay model expensive communication paths, such as
global wires on a circuit or inter-node communigatiin a supercomputer. Formally, if we define

ev1v2,.vk @S the hyperedge connected to nodgss,, ..., vy , then:

cut siz¢ Y, y):z We,) stforsomei,j,\NJ V angu] ) ©)

dlE
Homogeneous graphs were long used as a model fitiqréng computing systems, and the majority
of partitioning algorithms were developed for homwegus graphs. However, the transition to
heterogeneous computing resources motivated thelafewent of a newer graph model, as we will

discuss in the next section.

2.3.2. Heterogeneous Hypergraph Partitioning
The homogenous node model used in previously-destgraph partitioning problem is insufficient
to model many modern digital systems, such as eatjins to be implemented in Field-Programmable

Gate Arrays (FPGAs), Systems-on-Chip (SoCs), amkreomputers, as these systems often include
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multiple heterogeneous resource types. This hawladhew problem, referred to alternately in aocside
literature aheterogeneous, multi-constraimt; complex-resource graph partitioningiven a graph with
nodes that have weights resource types, the partitioning solution mustabe¢ allR resources within
their specified maximum margins of imbalance. Theght of each node is now described byRaentry

weight vectorw. If we definew;(v) as nodev's weight in resource, andl, as the maximum weight

imbalance between partitions for resourcthen the imbalance constraint equation becomes:

‘Zwr(vi)_ > W (Y)
Vi) A _,
z we (V) o

Vv

OrO1lR ()

Although multi-constraint graphs allow a more dethimodel of systems containing heterogeneous
logic, further refinement is needed to model thifitgtio flexibly map computations to different msrce
types. Specifically, existing work on using multirstraint partitioning for heterogeneous circugs i
based on the assumption that all nodes can onipnpkemented in one way — a significantly limiting
assumption for FPGAs and heterogeneous proceddersvill introduce our new model that eliminates
this limitation, multi-personality graphs, in Sexti4.2. This new model will serve as the basisofte of

the major research projects we will describe ia tticument, Multi-Personality Partitioning.

2.4. Multi-Gigabit Serial Data Transmission

Multi-gigabit serial transceivers (MGTs) are becogia widely used communication method in
systems requiring high data throughput. MGTs offeveral advantages over traditional parallel buses,
such as reduced pin counts, decreased power cotieam@nd avoidance of clock-skew problems [8].
MGTs have long been used at the network leveldhrtelogies such as Ethernet, and they are becoming
increasingly prevalent in the design of high perfance digital circuits. At the chip and circuit é&v
FPGA manufacturers are increasingly replacing fraiput/output (I/O) pins with MGTs [9], serial

interfaces have been proposed for next-generatemary architectures [10], and serial links for dripc
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communication have been proposed in research [0Hg. transition to the use of MGTs rather than
parallel 1/0s introduces important changes to thempmutational constraints associated with
communication. Devices that use MGTs for commuidcatypically have more available bandwidth, but
using MGTs comes with the cost of higher laten@ntparallel 1/0Os due to the time it takes to sizéal
and de-serialize data. These changes will con&ibmthe motivation for our development of an emro

based and bandwidth-focused circuit partitioninghoe in Chapter 5.

2.5. Information Content in Digital Signals

The study of the information content of signals atated data — information theory - is a broadadopi
with applications in many fields. Within the contex this document, we will focus on providing ashta

introduction to the way information is quantifieddameasured in digital systems.

2.5.1. Quantifying Information

The field of information theory was establishedhaitlaude Shannon's foundational work to develop a
mathematical framework for describing and analyzingymunication [12]. Shannon introduced the idea
that the amount of information contained in a sigmadata set could be uniformly quantified using a
concept he referred to as ‘information entropyfbrimation entropy should not be confused with
thermodynamic entropy. Although they are linked][J&hd the laws of thermodynamic entropy have
been used to define constraints on informationopyti14] [15] and vice versa [16] [17], they aret no
synonymous. Throughout this document, when we tefé&ntropy’, it will refer to Shannon's concept o

information entropy unless otherwise stated.
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If we consider a signal that is capable of prodyadifferent values (also referred to as 'symbaeisad
given time, Shannon's information entropy is bagedhe statistical likelihood of specific data vedu
occurring. If we defineS as the set of all possible symbols ai(d) as the probability that a given

symbol,s, is produced by the signal, then the Shannon gypttan be defined as:

E=-> p(9log,(H9)

where ()

p(s)log,(p(9)=0 for p(g= (

Shannon's definition of information entropy mirr@sltzmann's equation for thermodynamic entropy
in statistical mechanics. The base of the logaritbmmay be chosen differently depending on the
application. In our discussion of entropy in digggstems, we will usb = 2, which results in the entropy
having units of 'bits".

From its inception, there has been debate overhghantropy is truly a measure of the information
content of a signal or whether it is better desatihs a measure of the uncertainty of predictisigral's
value [18]. From a practical standpoint in the dgesdf communications systems, entropy is a useful
metric for quantifying information. Entropy-basedding has been used to compress data in many
application domains [19] [20] [21], demonstratifwat signals with high entropy require more bits to
transmit (and conversely that signals with low epyr can be more effectively compressed). Since our
interest in entropy is related to communicatioricefficy, we treat entropy as a measurement of the

guantity of information and defer the semantic angat to others.

2.5.2. Entropy in Digital Systems
In Equation (5) we gave the formula for computihg Entropy of a signal with a set of possible
symbols. Within the context of digital logic cirtsii the signal is a wire or group of wires andsi@bols

are the possible values the wire(s) can transroitaFsingle wire in a binary digital system, thare two
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possible values: '0' and '1'.d{s) is the probability of the symbol '0' occurring, #etropy equation can

be rewritten as:

E=-p(s)log,(K8)~ K 9log,( 0 9) (6)

Sincep(s)+ A('$) =1, Equation (6) can be further rewritten as:

E=-(1- p(g))log, 1~ p($))- A §log,( K I) (7)

Thus, we can consider the entropy of any given wirthe circuit to be a function of the probability

that its value will be '1' at a given time (we edso derive an identical equation based on thegtitity

Entropy vs. Probability for a Two-Class Variable
1 T T T T

Entropy (bits)
o o o o © o o
[51] . [+.] [+2] -~ «© w0
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0.4 o.ie
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Figure 1. Entropy (in bits) versus probability of having a value of '1' for a binary variable [221].

the wire will be '0"). Equation (7) is representgg@phically in Figure 1. From this diagram, we can
observe two important properties of the entropyadfinary signal. First, the maximum entropy of the
wire is 1 bit. We consider an individual wire toygitally represent 1 bit in a digital system, bl t
actual amount of information that wire caries ismaist 1 bit and may be less than that. Second, the
maximum entropy occurs when there are equal protiedithat the wire will have a value of '0' ot.'1
This agrees with our earlier description of entrggyquantifying the predictability of a signal'duea

These observations also hold true when we considgzal groupings of multiple wires that may have
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more than two possible values. The entropy (in) lotsa multi-wire signal is always less than or &ldio
the number of wires in the signal, and the maximaemtropy (which is equal to the number of wires)
occurs when there is an equal probability of athkgls occurring.

The idea of combining the entropies of multiplensilg into a single value will become important in
our later discussion of entropy-based partitionifgrmally, Shannon defined the 'joint entropy' to
describe the combined entropy of multiple signatscompute the joint entropy of wires (or wire gosy

Wy, ..., W, with symbol sets $..., § respectively:

EW,..W)==>..> p(s,...5)10g (BS,.....S)

sOs  sO0§
where (8)
p(s,--$)10g, (P($,.... ) O for p(s,...s¥
In Equation (8),p(S,...,S ) is the joint probability that the symbols s., s will occur together. If
the wires' values are independent, the joint pritibakis the product of the individual symbol
probabilities and the joint entropy is equal to then of the entropies of the individual wires. This

represents the upper bound on the joint entropgesime cannot use any wire's value to predict amothe

wire's value. Thus:

E(V\{,...,V\()si EW) (9)

We will utilize this upper bound on the joint enggoof groups of wires when we explore the idea of
computing and minimizing the maximum joint entraplythe wires that cross between circuit partition

boundaries in Chapter 5.

2.5.3. Other Information Measurement Metrics
Thus far, we have used Shannon's definition foropgt A key aspect of Shannon's definition of
entropy is that it treats signals as random vaembln real digital systems, do not necessarilyehav

uniform probability distributions over time [22]f e assume that the signals are not independent
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random variables, the Shannon entropy may overatitheir information content [23]. As a resulhet
entropy formulations have been proposed for quantifthe amount of information in binary sequences.
Several alternate entropy metrics are based on wiimgpa binary derivative of a signal's value chesg
over time [24] [25] and have led to new methodsahputing entropies [26].

If we approach metrics for quantifying informatibased on their applications to compression, we can
define the amount of information in a signal basadts Kolmogorov-Chaitlin complexity [27] [28], a
measure of the minimal amount of information thauld be required to reproduce a signal. Kolmogorov
complexity has been proven to be incomputable [28%, implies that there is no feasible metric va@& c
compute that will ensure minimal compression. Ashsuve will continue to use the Shannon entropy as
our information metric since it is easily computegtll understood, and commonly used as a metric for

optimizing communications.
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3. Mixed-Granularity Reconfigurable Architectures for High

Energy Physics Processing

In this chapter, we describe our work to develog ewaluate an FPGA-based processing system for
the high-luminosity calorimeter trigger system logé tCompact Muon Solenoid experiment at the Large
Hadron Collider. This project also helped us tangasight into areas of the circuit design procisssg
could derive significant benefit from the developmef new algorithms for design automation anddapi
prototyping. These insights will serve as the national foundation of the research described in

Chapters 4 and 5.
3.1. Motivation

On-going trends in the fields of high energy péetiaccelerators and electronics have created new
design challenges for their real-time processingtesys. For example, increases in collision ratek an
event resolution have driven sensor data rates Rethbyte per second at the state-of-the-art Large
Hadron Collider (LHC) particle accelerator. To Henthis large amount of data, scientists employ
triggering systems consisting of hundreds of spieei processing units capable of handling huge
amounts of data with ps-scale processing latentiagh throughput and low latency is particularly
important in the Level-1 (L1) trigger system resgibte for making the first triggering decisions. As
shown in Figure 2, the output throughput of L1 eyst has been scaling exponentially, increasingdy 1
orders of magnitude with each new generation oélacator. This has driven trigger design away from
the use of general-purpose processors, and tovwmlitation-specific custom electronics. Meanwhile,
the rising cost and complexity of constructing jgéetaccelerators has had a major impact on thesiga
process. The LHC has been designed to be upgramesugport higher luminosities and newer
experimental objectives, and the supporting eleatso must be capable of adapting to perform new

algorithms. As the process of simply shutting doamd restarting the experiment for maintenance
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Figure 2. The required throughput of trigger systens has been increasing exponentially over time [23].
Note: Both axes are log-scale.

requires several months and generates enormous @oist essential that the processing architedbere
flexible and robust to change over the lifetimehaf accelerator.

Designing systems for a large-scale, collaborgtinggect like the LHC presents its own challenges.
Components of the hardware and firmware desigianelled by many disparate scientific and academic
groups. The design specifications and hardwardoplas may change frequently during development.
This has motivated a need for automated tools doirairapid prototyping and retargeting based on
changes in system specifications.

Initially, the extremely high performance requirertseeof the LHC necessitated the use of high-speed
ASICs [30]. With advancements in process technekgind the associated boost in logic density and
performance, FPGAs have become an attractive ptatfo replace ASICs for real-time processing, due
to their reprogrammable nature. However, reprogrability alone does not guarantee that an FPGA-
based system architecture will be able to easihpstt changes to in the experiments, as new cirdait

new algorithms may have vastly different timing amea requirements.
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3.2. Related Work

The inception of modern computer-based triggeresystcan arguably be traced back to the 1970s at
ADONE electron-positron collider at Frascati Natbhaboratory [31] and its ‘spiral reader’ systeB2]
for bubble physics. The spiral reader was perhbgditst on-line processing system based on sofwar
running on mainframe computers. A few years laBERN'’s Intersecting Storage Rings (ISR) was the
first particle accelerator to achieve proton-protuwilisions by colliding separate beams [33]. The
development of colliding beam accelerators vasttydased collision rates; since then, data rates ha
been a dominating constraint in trigger design.

In the 1980s and 1990s, the increasing cost oftagigg accelerators began motivating thoughts of
how to increase their architectures’ flexibility cadifespan. The Axial Field Spectrometer Trigger
introduced a heterogeneous, multi-level designngudioth simple processing based on ‘coincidence
counting’ and pre-computed RAM look-up tables (LYT34] and a custom, 16-bit programmable DSP
processor [35]. Both the contents of the RAM LUTdahe software running on the DSP could be
modified to change the physics algorithms after slystem was installed. The CDF experiment at
Fermilab extended heterogeneity with a 3-levelgiigsystem that used ASIC-based L1 & L2 triggers
and a software-based L3 running on a computer f&86h CDF was one of the first triggers built for
modularity and flexibility; its L2 'Mercury' ASICwere designed to be physically swappable. Thisduklp
CDF stay in operation for 20 years. The Large EteciPositron (LEP) ring was built to study events
caused by beam-gas interactions that were notumekbrstood prior to the start of real experimenER
therefore needed to be able to alter trigger algms after the system was deployed [37]. It was alse
of the earliest systems to incorporate limited @fSEPGAs (alongside RAM LUTS) for this purpose [38]

By the 2000s, exponential increases in detectorinosity and data throughput had massively
increased the scale of computing systems necessarpcess the data being collected. The ATLAS and
CMS experiments are characterized by event ratgsdtarf other experiments, giving them each a data

rate of over 1 Petabyte per second [39]. Both ATlak8 CMS feature a hardware-based L1 Trigger and
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software-based High-Level Trigger. The L1 hardwirgrimarily based on Xilinx Virtex-1l Pro and
Virtex-4 FPGAs [40] [41], but high-speed ASICs wereeded for operations like addition, sorting, and
table look-up to meet throughput constraints. Dtesghie use of FPGAS, the large number of devicds an
complex system partitioning has made it diffic@trhodify trigger algorithms. This complexity can be
seen in the design of the CMS calorimeter triggeasrtd (one of 126), pictured in Figure 3.For further
discussion of historical trends in the developnahtriggering systems, we provide broader survey of
trigger architectures in Appendix A.

Our implementation work is based on algorithmsioglly developed at the University of Wisconsin
for calorimeter-based triggering in the CMS expemtnunder high luminosity, high pile-up conditions
[42] [43]. Compared to the previous algorithms, tigh-luminosity algorithms offer greater positibna
resolution and better filtering of background noisepart, the research we will describe in thigputer
helped to inform changes to the initial algorithnogisals for more efficient hardware implementation
The Wisconsin trigger design represents one ofal@rnatives being evaluated for implementatiotha
HL-LHC, and is based on the concept of a spatiadistitioned, pipelined hardware design. The other
design, based on work done by Imperial College [48], avoids spatial multiplexing and instead time
multiplexes bunch crossings across multiple chipsrder to meet throughput requirements. Both aasig
are expected to be used in parallel during theopyping phase to study their relative performance a
cost [46]. Although the results we present on teeetbpment of the Wisconsin prototype, both systems
share the same basic physics goals, so insighigedethe work presented in this chapter should be

broadly applicable to both architectures.

3.3. Characterizing Calorimetry-Based L1 Triggering Algorithms

In order to evaluate the possible system architestut was first necessary to develop a more géner
characterization of the triggering algorithms taedmine how they might be efficiently implemented i
an FPGA. Based on consultation with the physidstgeloping algorithms for the Regional Calorimeter

Trigger (RCT) of the LHC's Compact Muon Solenoid&) experiment, as well as analysis of historical
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Figure 3. One of 126 boards used for processing caimeter trigger algorithms in the original CMS
trigger. The overall system is partitioned across ver 700 FPGAs and ASICs and thousands of RAM-
based LUTSs.

trigger architectures for other particle accelestove have categorized common operations present i
triggering systems. Later in this section, we aio provide pseudo-code descriptions of some @f th

major functions of the RCT.

3.3.1. Summary of Common Operations in Trigger Applicasion

Based on our survey of triggering systems (see AgigeA for a brief description of some historically
significant trigger architectures included in otudy) we identified the following key operationsr fo
triggering algorithms:

» Energy Magnitude -Compute the total energy over a given sensor regort regions by
their energy, and check whether the energy excadasgshold. This typically involves simple
arithmetic such as addition and comparison operatio

 Energy Composition —Analyze the different energy components in a nmegi@.g.
electromagnetic energy, hadronic energy, trans\ereegy) and make a decision based on the
distribution of each component. This may involvieeimediate arithmetic operations, such as

multiplication and division.
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« Background Energy Removal Eompute the background energy (noise) in eactomelyy
summing energy over large areas, removing enertpngimg to significant collision events,
averaging, and adjusting based on sensor geonmadryha distance of a given sensor region
from the particle collision point in 3D space. Besa sensors are cylindrically distributed, this
may involve complex arithmetic operations, suckrigenometric functions.

* Regional Maxima Formation €luster collision data into small or large regioasbitrating
between adjacent regions in order to form regicgrargy maxima that are as large as
possible. This typically only requires simple amitétic, but requires complex routing of data.

« Fine-grained Veto -Provide the ability to reject a triggering decisimased on the value of a
single input tower if that input was used in makiagositive triggering decision. Veto power
is a valuable feature for practical implementatdrriggering algorithms. Not only can it act
as a notch filter to remove undesirable backgroonoide at known energy levels, it is also
used to mask out data produced by inputs suffdromg permanent faults that cause them to
provide faulty results. This is simple to implemdmntt may require design modification after

the system has already been deployed and in service

3.3.2. Pseudo-code for Algorithms in the Upgraded CMS L-dv€alorimeter Trigger

In this section, we provide pseudo-code for setbatgorithms under development as part of the high-
luminosity upgrade for the CMS Level-1 Calorimeteigger system [47], based on the current versions
of the algorithms being evaluated in the CMS L1gger Emulator [48] (see Section 5.8 for further
discussion of the CMS L1TE). These algorithms wettéally designed by physicists at the University
Wisconsin — Madison [42] [49] and collaborativelfined for efficient implementation on hardware as
part of the research described in this dissertdti@) [51]. Note that these algorithms are subiject
change prior to the final design. Additionally, haltigh algorithms are described procedurally in the

emulator, they must be highly parallelized in trerdware implementation in order to meet the high
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throughput requirements and partitioned for a ihisted hardware system (See Chapters 4 and 5 far mo

details on our research into efficiently partitiogilarge-scale circuits).

Primary Inputs and Outputs

The input to the RCT system is a group of approtéfyal 0,000 calorimeters (devices for measuring
particle energy) deployed within the CMS detectoidarge group of sensors that absorb sub-particles
produced during particle annihilation when hadrame collided in the LHC. The calorimeters are
distributed in 5,000 discrete locations on the ctete with each location containing a calorimeter f
measuring electromagnetic energy (ECAL) and oneni@asuring hadronic energy (HCAL). These
locations are referred to as 'towers'.

The detector is capsule-shaped, and can be diwWwded cylindrical "barrel" region, and two "end
caps". We will focus on algorithms used in the élmegion, which contains 80% of the towers.
Geometric locality is important in physics algonith. In pseudo-code, the barrel cylinder can be edpp
into a 2-dimensional array of towers, where oneeatlision represents transverse movement along the
barrel (eta) and the other dimension representioat around the axis (phi). Thus, we can defire th
tower inputs as:

towers[1l..eta_max][1..phi_max]

Each tower's data consists of 17 bits, composdelC#L energy (8 bits), HCAL energy (8 bits), and
an additional finegrain veto bit that experimenéigtors can set to indicate a calorimeter hardfeari
in the tower. Additional error correction/detectibits are also provided, but are processed atittke |
level and do not factor into the functional destoips of the algorithms. For some algorithms, tanate
grouped into 2x2 ‘clusters’, as energy from arnviddal particle may be distributed across clusieed
regions of towers [42]. Since the detector is dfical, it wraps around in the phi dimension and
connects to the end cap in the eta direction, langl @an individual cluster can be defined as a 2se/af

towers:
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clusterfi][j] = {towersl[i][j], towers[i + 1][j],
towersJ[i][j + 1 % eta_max], towers[i + 1][j + 1 % eta_max]}

Code Listing |. Pseudocode for the Tower Clusteringperation in the RCT.

Input data sets (also known as a 'bunch crossintgx) arrive at a rate of up to 40 million bx/s
resulting in an input throughput of approximate@0billion towers per second in the barrel region.

The output consists of an array of 4,000 partitleats and 4,000 jet objects. Each particle obgct
composed of a particle type (2 bits, representsgated electron/photon, isolated tau, non-isolated
electron/photon, or non-isolated tau), particlengseerse energy (11 bits), center-of-energy posiffon
bits), barrel position (12 bits), and valid flagl{it). Each jet object is composed of a jet endfidybits),
barrel position (12 bits), an isolation flag (1)kéind a valid flag (1 bit). Objects are sorted blase

energy and particle type in a separate system [52].

Tower Filtering

Although the barrel has enough sensors to deteastinds of particles, each bunch crossing produces
around 20-25 particles on average [5]. This mehasthe majority of sensor input data consists afly
energy noise produced by background radiation i detector (we will revisit the optimization
opportunities available by this property in Secttos). Towers are filtered based on comparing tteem

programmable, position-dependent energy threshadltev This can be expressed as:

for each tower i][j] i n towers[l..eta_max][1..phi_max] {
i f (tower[i][j] > threshold(i, j)) {
filtered_tower i][j] = towerf[i][j];
} else{
filtered_tower i][j] = O;

}
Code Listing Il. Pseudocode for the Tower Filteringoperation in the RCT.
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Channel Transverse Energy Sum
The channel transverse energy)(E sum of the electromagnetic and hadronic eesrigi each tower,

and represents to total energy localized to a bpostion.

f or each filtered_towerfi][j] i nfiltered_towers[1..eta_max][1..phi_max] {
channel_et][i][j] = filtered_tower]i][j].ecal +
filtered_tower(i][j].hcal;

}
Code Listing Ill. Pseudocode for the Channel E computation in the RCT.

Cluster Energy Sums
For each tower cluster, we compute a transversggsem, a cluster ECAL sum and a cluster HCAL

sum. Recalling that each cluster is a 2x2 arrapwers:

f or each clusterfi][j] i n clusters[l..eta_max - 1][1..phi_max] {
cluster.ecal[i][j] = cluster[i][j][0][0].ecal +
cluster [i][j][0][1].ecal +
cluster [i][jl[1][0].ecal +
cluster[i][j][1][1].ecal;
cluster.hcal[i][j] = cluster[i][j][0][0].hcal +
cluster[i][j][0][1].hcal +
cluster[i][j][1][0].hcal +
cluster[i][j][1][1].hcal;

}
f or each filtered_tower i][j] i n filtered_towers[1l..eta_max][1..phi_max] {
cluster.et]i][j] = filtered_tower][i][j] +
filtered_tower[i][j + 1 % phi_max] +
filtered_tower i + 1][j] +
filtered_tower i + 1][j + 1 % phi_max];
}

Code Listing IV. Pseudocode for the Cluster Energ$um operations in the RCT.

Cluster Overlap Filtering

Each cluster overlaps some of its tower data wiginteother clusters. Conversely, each individual

tower is covered by four different clusters. To idvioaving this energy data be counted more thae,onc
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each tower must contribute its energy to only daster and contribute a zero energy value to therot
clusters. The process of selecting which clustexsgign a tower's energy is known as ‘overlagrifige
The cluster overlap filtering algorithm is desigriectreate the largest global cluster energy maxthren
the next largest local maxima (after removing tlobgl maxima), and so on. This can be expressed as:

/l Compute Cluster ET values prior to Overlap Filte ring
for (i=2 toeta_max-1){
for (j=1 t o phi_max) {
jpl =j+ 1% phi_max;
prefilter_et[i][j] = channel_et[i][j] +
channel_et[i][jp1] +
channel_et[i+1][j] +
channel_et[i+1][jp1];

}
}
/I Generate 'Keep Masks' which defines which of a ¢ lusters 4 towers it gets
I to keep.
for (i=2 toeta_max-1){
for (=1 t o phi_max) {
ipl=i+1;
jpl =j+ 1% phi_max;
iml=i-1;

jm1 =j- 1% phi_max;

/I Define the energies of the 8 neighboring clust ers, treating
/I eta and phi as cardinal directions:

/I northwest, north, northeast, west, east, south west, south, and
Il southeast.

nw_et = prefilter_et[im1][jm1];

n_et = prefilter_et[i][jm1];

ne_et = prefilter_et[ip1][jm1];

w_et = prefilter_et[im1][j];

e_et = prefilter_et[ip1][j];

sw_et = prefilter_et[im1][jp1];

s_et = prefilter_et[i][jp1];

se_et = prefilter_et[ip1][jpl];



/I Transverse energy for the current cluster
my_et = prefilter_et[i][j];

keep_tower_ 00][i][j] =

(w_et<my_et) && (nw_et<my_et) && (n_et>my_ et);
keep_tower_01[i][j] =
(n_et<my_et) && (ne_et<my_et) && (e_et >my_ et);
keep_tower_10[i][j] =
(w_et<my et) && (sw_et<my_et) && (s_et>my_ et);
keep_tower_11Ji][j] =
(e_et<my et) && (se_et<my_et) && (s_et>my_ et);
}
}
/I Apply filtering based on Keep Masks for each clu ster. If the remaining
/I energy is below the threshold value, filter out the cluster.
for (i=2 t o eta_max- 1) {
for (=1 t o phi_max) {
whole[i][j] = keep_tower_00[i][j] && keep_tower_0 110] &&

keep_tower_10[i][j] && keep_tower_11]i][j];
filtered_sum = 0;
i f (keep_tower_OO[i][j]) {
filtered_sum += channel_et[i][j];
}
i f (keep_tower_ O1[i][j]) {
filtered_sum += channel_et[i][j + 1 % phi_max];
}
i f (keep_tower_10[i][D {
filtered_sum += channel_et[i + 1][j];
}
i f (keep_tower_ 11]i][j] {
filtered_sum += channel_et[i + 1][j + 1 % phi_ma XJ;
}
threshold_pass = filtered_sum > filtered_sum_thre shold(i, j);
i f (keep_tower_O0Q[i][j] && threshold_pass) {
filtered_cluster][i][j][0][0] = channel_et[i][j];
} else{

27
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filtered_cluster][i][j][0][0] = O;
}
i f (keep_tower_O01]i][j] && threshold_pass) {
filtered_cluster[i][j][0][1] =
channel_et[i][j + 1 % phi_max];
} else{
filtered_cluster][i][j][0][1] = O;

}
i f (keep_tower_10[i][j] && threshold_pass) {
filtered_cluster [i][j][1][0] = channel_et[i + 1] il
} else{
filtered_cluster][i][j][1][0] = O;
}

i f (keep_tower_11]i][j] && threshold_pass) {
filtered_cluster[i][jl[1][1] =
channel_et[i + 1][j + 1 % phi_max];
} else{
filtered_cluster[i][j][1][1] = O;

}

Code Listing V. Pseudocode for the Cluster Overlagilter computation in the RCT.

Despite being a global algorithm, it we are ableefficiently parallelized it in hardware, as each

cluster only needs local information to make iliefing decisions [53] [46].

Electron / Photon Identification

Based on the amount of electromagnetic and hadesréogy in a cluster, it is possible to characeeriz
whether the particle that produced the depositelectromagnetic (such as an electron or photonpor
electromagnetic (such a tau particle). The origiBkdctron / Photon ID algorithm computes a ratio

between the electromagnetic and hadronic energyclaster and compares it to a threshold value.
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f or each clusterfi][j] i n clusters[1..eta_max][1..phi_max] {
i f (cluster]i][j].ecal / cluster]i][j].et > egamma_th reshold(i, j)) {
cluster]i][j].is_egamma = true;
} else{

cluster][i][j].is_egamma = false;

}

Code Listing VI. Pseudocode for the Electron/Photomdentification computation in the RCT.

When designing the implementation of the ElectroRhbton ID function, there was desire from
physicists to keep hardware flexibility to alter mplace the algorithm after the hardware had been
designed and deployed. For similar reasons, thetrigle ID cards in the original low luminosity RCT
design used energy-based look-up tables to implethenalgorithm [5]. We studied several different
ways of implementing the algorithm in hardware wihk assumption that it would be subject to change.

We discuss this work further throughout Section 3.4

Particle Isolation

The particle isolation algorithm determines whetlparticle energy deposits are isolated on the
detector. We classify an energy deposit in a golasater as isolated if the amount of energy locatets
‘annulus region' — a 6x6 region of towers with ¢hester at its center — is relatively small complatie the
energy in the central cluster. This determinat®made by first comparing the energy of the clgsier
the annulus to a programmable threshold value amdhting the number of clusters that pass the
threshold, then using the energy in the centratetuas the address to a look-up table containitmuat
threshold for that energy level, and finally coniparthe annulus count to this count threshold. This
operation is computed separately for ECAL and HG&lergy, using different thresholds. The look-up
tables are programmable to allow them to be experiailly tuned. To reduce the look-up table size, we

also perform a quantization operation prior to ok



for each clusterfi][j] i n clusters[3..eta_max - 3][1..phi_max] {

annulus_ecal_count = 0;
annulus_hcal_count = 0;
for (annulus_i=i-2 toi+3){
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for (annulus_j=j-2 % phi_max toj+ 3% phi_max) {

i f (cluster[annulus_i][annulus_j].ecal >
annulus_ecal_threshold(i, j)) {

annulus_ecal_count++;

}
i f (cluster[annulus_i][annulus_j].hcal >
annulus_hcal_threshold(i, j)) {
annulus_hcal_count++;
}

}

quantized_ecal = clusterfi][j].ecal / ecal_quantiz
guantized_hcal = cluster]i][j].hcal / hcal_quantiz
ecal_count_threshold = lookup_ecal_count_threshold
hcal_count_threshold = lookup_hcal_count_threshold
cluster[i][j].is_ecal_isolated =

annulus_ecal_cout > ecal_count_threshold;

cluster]i][j].is_hcal_isolated =

annulus_ecal_cout > ecal_count_threshold;

}

Code Listing VII. Pseudocode for Core-Relative Paitle Isolation.

Particle Identification

ation_factor(i, j);
ation_factor(i, j);
(quantized_ecal);

(quantized_hcal);

Particle Identification sorts clusters into groupfsisolated electromagnetic particles, non-isolated

electromagnetic particles, isolated taus, or notated taus. Electromagnetic/tau classification and

isolation have already been computed by the ElefRtmton ID and Isolation algorithms respectively,

but the Particle ID algorithm also considers théstexice of tower veto bits in the cluster, whicm ca

disqualify it from being sorted into any particlegp.
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f or each clusterfi][j] i n clusters[1..eta_max][1..phi_max] {

cluster]i][j].cluster_veto = clusterf[i][j][0][0].t ower_veto ||
cluster([i][j][0][1].tower_veto ||
clusterf[i][j][1][O].tower_veto ||
cluster[i][j][1][1].tower_veto;

i f (cluster]i][j].is_egamma) {

i f (cluster]i][j].is_ecal_isolated) {
isolated_egamma_objects.add(cluster]i][j]);
} else{

non_isolated_egamma_objects.add(cluster][i][j]);

}
} else{
i f (cluster]i][j].is_hcal_isolated) {
isolated_tau_objects.add(cluster]i][j]);
} else{
non_isolated_tau_objects.add(cluster]i][j]);
}

}
Code Listing VIII. Pseudocode for Particle Identification in the RCT.

Cluster Energy Weighting

An individual particle may have its energy absorbgdnultiple adjacent towers — hence why tower
clusters are used in algorithms that constructigharbbjects. However from a physics standpoiris it
worthwhile to compute a higher positional resolatfor the particle than a 2x2 tower cluster. Toadrbt
sub-tower positional resolution, we compute a Eenf-energy' value that describes how the enesgy i
distributed within the cluster. This center-of-epeilis based on the ratio of the amount of trangvers
energy distributed in the eta direction and phéction within the cluster's sub-towers. Here a zedae
for the position indicates that the energy is egudiktributed in a given direction and a valueook (or

negative one) indicates the energy is entireliribisted in one half of the cluster.
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f or each clusterfi][j] i n clusters[1..eta_max][1..phi_max] {
eta_m_towers_et = cluster[i][j][0][0].channel_et +
cluster i][j][0][1].channel_et;
eta_p_towers_et = cluster[i][j][1][0].channel_et +
cluster[i][j][1][1].channel_et;
phi_m_towers_et = cluster[i][j][0][0].channel_et +
cluster [i][j][1][0].channel_et;
phi_p_towers_et = cluster[i][j][0][1].channel_et +
cluster[i][j][1][1].channel_et;
cluster]i][j].eta_pos = (eta_p_towers_et - eta m_t owers_et) /
(eta_p_towers_et + eta_m_towers_et);
cluster][i][j].phi_pos = (phi_p_towers_et - phi_m_t owers_et) /
(phi_p_towers_et + phi_m_towers_et);

}
Code Listing IX. Pseudocode for the Cluster EnergyVeighting computation in the RCT.

Jet Reconstruction

Sometimes the individual particles we construdhim previous algorithms are parts of a ‘jet' —aupr
of multiple particles, distributed over adjacenustérs, representing particles that may have been
generated from a single particle decay event.

Jet reconstruction is an algorithm to assemble yetsch are 12x12 towers in size, by assigning towe
energies to individual jets in order to create @bgl jet energy maximum followed by local jet energ
maxima. This is accomplished by summing the filleckister energies to create energy regions. Jets a
then created by grouping them as 3x3 region cleisted performing overlap filtering on the bordefs o
the region to determine which regions are assigoneglach jet when jets overlap. The region-forming

portion of the algorithm can be described as:
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f or each filtered_clusterf[i][j] in
filtered_clusters[2..eta_max-2][1..phi_max] {
region[i][j].et = O;
for (c_i=i-1 toi+2){
for (c_j=j-1% phi_max toj+ 2 % phi_max) {

region[i][j].et += filtered_cluster[c_i][c_j].et ;

}

Code Listing X. Pseudocode for Region-Building phasof Region-Based Jet Reconstruction algorithm. The
regions are then subject to Overlap Filtering (Se€ode Listing V).

The remaining filtering process is very similarthat used in the Cluster Overlap Filtering algarith
with the primary difference being that it uses 4x&rgy regions rather than clusters. For brevityyefer

the reader to that section and will not replicatg pseudo-code here.

Pileup Level Computation

This algorithm computes the level of pileup in caiwter tower readings. 'Pileup’ refers to the high
background noise created in the detector when peirig collisions under high luminosity, and is a
crucial aspect of the new high-luminosity experitsein the proposed upgrades to the LHC [54]. It is
important to be able to filter out this backgroumgise in order for the other algorithms to perform
efficiently, and is done by computing a pileup leweer a tower region and then subtracting theupile
energy from all towers in that region [55].

Our pileup computation algorithm re-uses the 4xdrgy regions from the jet expansion. First, the
total energy of each region is compared to a prograble threshold value. Regions that are above the
threshold are assumed to contain energy deposits frarticles. The algorithm uses only those regions
which do not pass the threshold, as they are asbtoneontain only background noise. The total eperg
of the background noise regions is accumulated,thadotal is divided by the number of regions to

obtain the average background energy.
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background_region_count = 0;
background_region_total_energy = 0;
f or each region[i][j] i nregions[2..eta_max-2][1..phi_max] {
i f (region[i][j].et < region_threshold(i, j)) {
background_region_count++;

background_region_energy += region[i][j].et;

}

i f (background_region_count == 0) {
pileup_level = 0;

} else/{

pileup_level = background_region_energy / backgrou nd_region_count;

}

Code Listing XI. Pseudocode for the computing the dckground pileup energy for high-luminosity CMS
trigger algorithms.

Jet Isolation

Jet isolation is an algorithm that determines whiethjet's core (the 4x4 tower region at its ce@riter
considered isolated within its 12x12 tower annullisis is determined by removing the pileup energy
from the jet, computing the ratio between the epénghe annulus and the core, and then compahiag t

ratio to a programmable threshold value.

f or each region[i][j] i nregions[2..eta_max - 1][1..phi_max] {

annulus_energy = 0;

for (rii=i-1toi+1){
for (r_j=j-1% phi_max toj+ 1% phi_max) {
if(i=i&&r jl=j){
annulus_energy += (region[r_i][r_j] - pileup_le vel);
}
}
}
core_ratio = (region[i][j] - pileup_level) / annul us_energy;

i f (core_ratio > jet_isolation_threshold(i, j)) {

region[i][j].jet_isolated = true;

}

Code Listing XII. Pseudocode for the computing th€Core-Relative Jet Isolation.
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3.4. Proposed Architectures

The operations and algorithms we developed andritdescin Section 3.3 will inevitably need to be
modified and adjusted over the lifetime of the eyst As experimental goals change, different physica
phenomena are studied, and the capabilities aiicbelerator and sensors change, it may be necdesary
adjust thresholds, change region sizes, searctiifferent energy compositions, or add new veto {oin
However, significant hardware redesigns can beematy costly in HEP, as accelerators require very
long and expensive warm-up and cool-down periods.thlis end, trigger designs typically seek to
incorporate as much programmability as possiblalmyv changes to experimental parameters without
replacing hardware. Throughout the mid-20th centuhys motivated the use of general-purpose
processors and later off-the-shelf digital signadgessor in L1 triggers. As the throughput andnieye
demands on L1 systems increased, they transititméde using a mixture of ASICs for fixed operaton
and using large external memories as look-up tafhled's) to handle programmable operations. The
inputs for a LUT-based calculation are used asaturess for the memory, and the data at that asldres
the pre-computed “result” based on those inputeslélthough conceptually similar to the small LUTs
used as a basic logic element in an FPGA, in thigext they refer to much larger structures holding
indexed by multi-bit values.

We examined several architectural approaches fopleimenting the HEP algorithms while
maintaining flexibility to alter the algorithm pan@ters. These approaches can be classified inte thr
categories.

Coarse-Grained Look-Up Memories (BRAM Table and Oude)

Some older trigger architectures have relied ofopming computations using LUTs in discrete RAM
chips, using input data as an address to accesoprmeuted results stored in the memory. This alltves
memories to be programmed with arbitrary logic fiores, limited only by the number of inputs.
However, discrete RAM chips are expensive, comfdidagic board designs, and significantly limit the

amount of data that can be processed on each FR@Aadpin limitations. The latency imposed by



36

accessing a memory controller and external chipal@ costly when considering the required response
time of trigger processors. FPGAs provide someoagtifor on-chip data storage in both block RAM and
configurable logic blocksA BRAM Table implements the coarse LUT using block RAMs (BRAMS)
high density programmable memory blocks availabld-BGAs. Because the contents of these memories
can be (re)loaded at run-time, they allow alteretito the algorithm with no need to re-synthesize o
reprogram the FPGA. FPGAs also contain fine-grai8&RAM-based LUTs and multiplexers in their
configurable logic blocks (CLBs). These CLBs candssembled into a large, coarse LUT. We form a
LUT Tree by organizing CLBs into a balanced binary treegrghdecision data is stored in leaf CLBs
and interior CLBs are used to implement addreskigiz. Changing the data stored in a CLB's SRAM
requires the FPGA to be reconfigured, which mayessitate a service interruption. It will not, howev
change the number of LUTs required or how theycarmected, which avoids changes to the rest of the

circuitry implemented within the FPGA.

3.4.1. Direct Arithmetic Logic Implementations (LUT-BasddSP-Based, and Hybrid LUT-
DSP)

The coarse-grained LUT architectures common ingénigelectronics may be very area inefficient
when implementing logic functions with large nunef inputs. Many common HEP operations, such as
simple arithmetic, comparison, and sorting [52] banefficiently mapped to general-purpose CLBs and
arithmetic-optimized DSP blocks by expressing tlesnarithmetic functions instead of a lookup. Beeaus
some operations can be mapped to multiple resdypes, many implementation choices are possible. It
may be necessary to conserve certain resourcegher logic on the same chip. For instance, theBIF
used by high-speed serial communication links megBRAM resources, reducing the BRAM resources
available for computation [53]. Unlike the coarsaiged LUT solutions, changing arithmetic functions
will require re-synthesis of the circuit, and thees of the pre- and post-modification circuits nmet

match if the function differs sufficiently. We inghented the Electron ID module (EPIM) [43] of the



37

HL-LHC's regional calorimeter trigger usihg)T-based, DSP-basedandHybrid LUT-DSP designs to

examine their relative performance and costs ih easource.

3.4.2. Compressed Coarse-Grained Look-up Operations (Gzssed LUT Tree and Multi-
Level Compressed BRAM Table)

Alternatively, we can exploit the fine-grained natof the CLBs and BRAM blocks to reduce the cost
of coarse-grained look-up tables by applying offlaompression of the table’s data. ForGmenpressed
LUT Tree, we compress the original tree by recursivelyagsing nodes that have leaves with the same
electron decision value. For the BRAM table, weiglesd aMulti-Level Compressed BRAM Table,
which uses a two-stage look-up process. In thedtege, a subset of the inputs is used to perfook:
up operations in smaller BRAM-based tables. Thabkes implement a compressive hash function. The
output of the compressing tables is multiplexed aseld as the input to the second-stage table. did av
complex questions about the suitability of lossynpoession and its implications on the performarfce o
the physics algorithms, our later experiments faitlus only on lossless compression. However, a-well
designed lossy function might provide the oppotiunb further reduce implementation costs. An
example of this concept is highlighted in Figurewhich shows single-level and multi-level BRAM
tables for implementing the Electron/Photon ID medi&PIM). The actual size and arrangement of table
inputs may be subject to change; for instance tiginal HCAL sensors were found to be less precise
than the ECAL sensors, so fewer HCAL bits may beded to achieve the same physics performance.
Although the multi-level design as shown requirdeseé memory structures rather than one, the total
storage required is'2+ 2'° + 2 = 18 kilobits, as compared t8°2 1 megabit, representing a reduction
of 98%. Because BRAMSs are used to implement thalskes, the tables can be modified at run-time
without reprogramming the FPGA. However the sizé arganization of the smaller 2-level tables must
be selected to ensure that they are capable okemmiting the desired algorithms. We will examine

issues of resource and performance variability dhasechanges to the algorithm further in Sectidh 3.
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Figure 5. A section of the datapath for performing electronagnetic/hadronic particle identification in the
CMS Regional Calorimeter Trigger.

3.5. Baselmplementation Costs

We evaluated the performance and resource coshefdesigns described in Secti3.4 by
implementing the datapath for the CMS Regional aleter Trigger'sElectron/Photon ID modul
(EPIM) - analgorithm for classifying energy deposits as etmo@mgnetic or hadror based on readings
from the electromagnetic (ECAL) and hadronic (HCAkaJorimeter. A block diagram of the datapath
shown in Figure 5For brevity, ve will omit detailed description of the individuallbcks, but more can t
found in the related publicatic [50] [43] [53]. The datapath otains many tasks representative of +
algorithms, including energyragnitude filtering (threshold filter, ECAL, HCALErergy composition
analysis, and fingrained decision vetoing (Ol

Table Ishows the performance and rerce costs for implementing a single instance ofdhmpath
based on synthesis, placement, and routing onidilirtex-5 TX240T FPGAusing the Xilinx ISE toc.
The full system must duplicate this data path fimusands of different regions in the eriment, thus the

resource costs may play a role in determining hoanynFPGAs are necessary to fit the trigge
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algorithms. However the Electron/Photon algorithmsicoexist with other algorithms on the same

FPGA, so these are not the sole determinants.

Table I. Max frequency and resource utilization (inpercent of the TX240T's resources) for implementadns
of the CMS experiment's Electron/Photon ID module ging several different architectures. Utilization alues
are in percent, and represent the cost of a singiestance of the module.

Categor Architecture Freq. s Ll =P
gory (MHz) |  Utilization Utilization Utilization

LUT-Base 44C 0.0¢

Direct DSF-Basel 37C 0.0z 4.2(

Hybrid LUT-DSF 32C 0.01 1.00
Eull BRAM Table 390 0.01 9.80
Look-Up LUT Tree 90 14.60
Compressed ComprTerzseed LU 270 0.12
Look-Up i -Cevel BRAM | 45¢ 0.0z 0.62

It may be surprising that compression is so effectin the LUT Tree implementation, given that tree
compression is relatively unsophisticated. Theoeasich compression is able to reduce the logitsms
drastically is that a large amount of the LUT Tsel@gic cost is actually due to routing; FPGAs use
programmable routing that also consumes CLBs. Toreeducing the size of the tree not only reduces
the number of storage elements, but also the muatirerhead. However it should be noted that paitsof
success is due to the relative simplicity of thesebahysics algorithms used when computing these
resource costs, as we will show in Section 3.6.

When interpreting the resource utilization numbtrs,timing characteristics of the logic must digo
considered. The LHC can supply new data setsateaof up to 40 MHz. Thus, it is possible for lothat
operates at a higher frequency to be time multgdeto process multiple data points while still nreget
the throughput requirements. Time multiplexing ésdatency for area. Since the trigger systemighs t
end-to-end latency constraints, time multiplexisgonly feasible if the latency constraints can &

met. We demonstrate the area-reduction effechwd# thultiplexing in Table II.
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Table II. Resource utilization for Electron/PhotonID architectures when maximally multiplexed.

Cateaary | ArdtEse Multiplexing | CLB Utilization | BRAM Utilization | DSP Utilization
gory Factor per Particle per Patrticle per Patrticle
LUT-Base! 11 0.007
Direct Dii;gr?je( 9 0.00z 0.467
LUT-DSP 8 0.001 0.125
Full BRAM Table 9 0.001 1.089
Look-Up | |uT Tree 2 7.300
Compresse
Compressed LUT Tree 6 0.020
Look-Up Multi-Level
BRAM 11 0.002 0.056
3.6. Cost Stability Analysis

Because the ability to alter the HEP algorithmshuwitt redesigning the system is critical, it is
important to compare implementation costs for rlétialgorithm variations. For the full, uncomprasse
look-up table implementations (BRAM Table, LUT Tyethe resource requirements and timing
characteristics do not vary with changes to therétyn, provided the number of inputs and outpws d
not change. For the other designs, these propemig change based on both the complexity of
implementing the logic and the routing costs. Aiddial delay and resource utilization margins can be
incorporated into the design to allow for futureagbes in the algorithms. The amount to reserve is
important, as underestimating future needs may fumiire algorithms, but overestimating will resinta
larger, more complex, and less efficient system tiecessary.

To evaluate the variation in timing and resourcstgowe performed a Monte Carlo analysis of the
LUT-Based Direct, Compressed LUT Tree, and Multi<leBRAM designs for the EPIM, allowing up to
20 energy composition regions and up to 500 eneegy values. For LUT-Based Direct, we generated
HDL files and for Compressed LUT Tree and Multi-e€BRAM we generated memory images for each
algorithm variant. For the LUT Tree, compressiors\Wwandled by the Xilinx Vivado ROM compiler, and

for Multi-Level BRAM we compressed the image uslrempel-Ziv-Welch (LZW) compression with an

8-bit block size.
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Figure 6 shows the latency histogram for the diiegbtlementations. The ratio of worst-to-best
latency is 1.6. The distribution is multi-modalfleeting an important aspect of FPGA-based architec
Modern FPGAs are composed of clustered logic celfsected with hierarchal routing, so as logic £ost
grow, they incur non-linear routing penalties whagic can no longer fit within a cluster. Figuresfows
that for this algorithm, the area variation depealisost entirely on the number of vetoes. Desifpas t
included up to 500 veto values required ~30X ttgclaesources as designs with no vetoes. Figure 8
shows a histogram of the normalized number of Ctégmiired to implement the Static LUT Tree design

after tree compression. Within our Monte Carlo p@aters, area requirements were more stable than for
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Figure 6. Histogram of end-to-end latency requiremets for randomly parameterized instances of the
LUT-Based Direct design for the Electron/Photon ID(EPIM) algorithm.
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Figure 8. Histogram of the normalized size (in CLByof the Monte Carlo generated LUT trees for the
EPIM after tree compression. Values are normalizedo the base implementation without vetoes. The line
indicates the cumulative percentage of Monte Carlsamples that could fit in that number of CLBs.

direct implementations, with a maximum increas1%o over the base implementation

For the multi-level BRAM design, area and lateney mbt vary, provided the algorithm can be
mapped into the pre-chosen memory sizes after asaion. Figure 9 shows a histogram of the memory
size needed to fit the Monte Carlo-generated EPIgordhms an LZW-based compression is
implemented in the BRAMs. The key result demonsttdtere is that the variation in memory size iy onl

4% from the best to worst case. To examine a nxirerae case, we increased the number of vetoes to

Monte Carlo Normalized Memory Requirements
for 2-Level BRAM Table
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Figure 9. Histogram of the size of the Monte Carlgenerated EPIMs converted to memory images for

mapping to a look-up table and compressed with theZW algorithm. Values are normalized to the base
implementation without vetoes.
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50,000 — a 100X increase over the Monte Carlo $imitand found that this required a 4.5X increase in
memory size. It should be noted that other congiwasalgorithms could be used; 8-bit LZW was chosen
for ease of implementation in hardware, but we tbtihat Huffman coding could reduce the memory size

by up to 40% for designs with small numbers of esto

3.7. Analysis of Implementations

By incorporating the area and frequency variabilggults from the Monte Carlo experiment into our
model for the per-particle resource costs of thdtiplexed EPIMs, we challenge some of the initial
conclusions drawn from the costs of the base imelgations. The resource ranges for the smallest to
largest instances are shown in Table Ill. The gatfveen direct implementations and full look-upeab
is significantly narrowed, and the compressed lopkables have the lowest costs when implementing
the more complex variations of the algorithms. Twnpressed LUT Tree and Multi-Level BRAM are
competitive in size; if resource cost is the dewjdiactor, selection of one over the other will eleg on
whether CLBs or BRAMSs are in greater supply aftamsidering all of the other logic that must fit e
chip. All things being equal, we believe the midtiel BRAM design to be superior, as it offers othe
advantages - like run-time reprogrammability andsistent latency independent of routing — that make
it more attractive for physics applications. Ifeasce costs are not an issue — for instance ihthmber
of particles that can be processed per FPGA idebeitked by some other aspect of the system, the fu

BRAM table may be preferred as its single levehadi for lower end-to-end latency.
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Table Ill. Resource utilization ranges for ElectronPhoton ID architectures accounting for frequency ad
resource ranges from Monte Carlo simulation.

Cateqorv | Architecture Multiplexing CLB Utilization BRAM Utilization DSP Utilization
gory Range Range per Particle | Range per Particle | Range per Particle
LUT-Based 7-11 0.007 - 0.317
Direct D|S_|I;L)Er>%sed 7-9 0.002 - 0.252 0.467
LUT-DSP 7-8 0.001-0.223 0.125
Full BRAM Table 9 0.001 1.089
Look-Up | |UT Tree 2 7.300
Compressed
Compresse¢l LUT Tree 2-6 0.020-0.072
Look-Up | Multi-Level
BRAM 11 0.002 0.056
3.8. Contributions

In this work, we collaborated with scientists a¢ tauropean Center for Nuclear Research (CERN) to
develop, analyze, and characterize the propertfeaest-generation high-energy physics triggering
algorithms and identify the key challenges theyspm for the design of computing systems that gover
data acquisition. We proposed several architecttoesmplementing physics algorithms on FPGAs
designed to leverage different aspects of an FP@&terogeneous resource pools. We used Monte Carlo
simulation to perform a cost-variability analysis é¢valuate the resource cost and delay stability of
different implementations as algorithm parametéenge. The key insight of our analysis is that lopk
based approaches, even when compressed, exhibitett greater stability than direct arithmetic
implementations, and that this greater stabilityyrfead to lower overall implementation costs when
designers need to plan for the worst-case requinean®&/e showed that compression mechanisms can be
effectively applied to algorithms like Electron/Rbio ID that traditionally rely on memory-based leok
up-tables. Compression can reduce resource cosigdn®©0% with low cost variation. This work served
as a component of the design exploration and phanpirocess for the Phase | and Phase Il high-

luminosity upgrades [2] of the Compact Muon Soldreperiment at CERN's Large Hadron Collider.
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4.  Multi-Personality Graph Partitioning for Heterogeneous

Resources

In this chapter, we will discuss the second majajget, our research into algorithms for efficient

automated partitioning of devices with flexible éretgeneous logic resources.
4.1. Motivation

In our discussion of the implementation optionstfa high energy physics architecture in Chapter 3,
we discussed the fact that when using a heterogsre®GA-based fabric, we sometimes have to choose
between different implementations that require edéht mixtures and quantities of the FPGA's
heterogeneous resources. In that discussion, wéaned that the designer might choose to use aipert
implementation based on the amount of resourcesablea on the device. When dealing with a large
application that is partitioned over many devickis tproblem becomes more difficult, as it may be
necessary to select different implementations paradevice basis. This is further complicated iflater
need to change one of these modules (for examm#tdbits function or meet performance constrints
This may change the available resources and makprevious implementation and partitioning choices
inefficient. In order to avoid such problems, idissirable to have an automated way to efficiesglect
implementations while partitioning an algorithm @&s heterogeneous devices. However, prior research
on partitioning algorithms does not have a wayamioanmodating the concept of making implementation
choices based on the available resources. To achley goal of simultaneously making intelligent
partitioning and implementation choices, a newipaning model and problem formulation are required

We will refer to any logic that can be implementadnultiple ways as "multi-personality” logic. In
Chapter 3, we demonstrated that multiple persdeslinay exist based on different designs created to
implement the same task. Those implementation ekoiere based on coarse-grained designs in which

the resources to use in the implementation werdicithp specified by the designer. On FPGAs, the
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concept of multiple personalities is even more amdntal and pervasive; because CLBs and BRAMs
can implement arbitrary logic functions of a givaput size (including the functions of DSP blocks)s
possible to map functions to different resources atively primitive level. When the designeedmot
explicitly specify resource types for the implensiun, they are chosen automatically during the
synthesis and technology mapping phases of the @&Bess. Selecting the best implementation for each
instance of multi-personality logic is an importaleicision with many high-level consequences, adllit
impact whether the design can fit within a giverGAPand how much slack is available in each of the
FPGA's resources for additional necessary featstgsh as communication logic or for future
modification to the algorithms. A given personalibay also allow the design to be implemented using
fewer FPGAs and reduce the amount of inter-FPGAnoonication, reducing the complexity of the
system. When creating a design for a single deiticeay be sufficient to allow the designer to malhu
specify the implementations of certain modules amly on the automated technology mapping
algorithms to choose the implementations of theaieing modules. However, for designs that must be
partitioned across tens or hundreds of FPGAs wefaed with a dilemma: partitioning the design
between chips requires knowledge about the resaursts of the logic; otherwise the partition may no
fit on the FPGA. At the same time, resource comstsrfulti-personality logic cannot be determinedilunt
an implementation is selected, but selecting thst ieplementation requires knowledge of the pantiti

in which the logic will be placed.

The multi-personality partitioning problem is natigue to specialized scientific applications. Large
FPGA-based arrays remain a valuable platform fpidrarototyping and ASIC emulation, and vendors of
commercial CAD tools have cited multi-resource halag as one of the key open problems of
performing design partitioning on FPGAs [56] [SMloreover, with the adoption of heterogeneous design
frameworks like OpenCL that can allow a single dedd be targeted at heterogeneous devices ingjudin
CPUs, GPUs, DSPs, and FPGAs [58] [59], multi-peatibn partitioning is becoming a more general
problem that applies to partitioning of both hardsvand software systems. Achieving high quality

partitioning solutions for heterogeneous systemgiires new partitioning algorithms that are capable



47

integrating knowledge about possible implementatimro the partitioning process. In this reseavef,

will establish the foundation for research into lsualgorithms by formally defining the problem,
analyzing its key differences from traditional ditcpartitioning problems, developing new problem-
specific quality metrics, demonstrating modificasoto well-understood algorithms for traditional
partitioning problems, and experimentally evalugtine benefits of algorithms that can make usdef t

flexible resources on FPGAs.
4.2. Multi-Personality Partitioning Problem Definition

To update the complex-constraint partitioning peobl to these modern devices capable of
implementing designs using different heterogenemsources, we defined a nemulti-personality
partitioning problem (MPP)Given a graph with one or more multi-personatibdes, divide the nodes
into two disjoint subsets and select personaliti@severy multi-personality node, such that for rgve
resourcey, the difference in the sum of the node weight®ach subset is less than some pre-defined
maximum margin of imbalancé, Extending the notation from our discussion ofehegeneous graph
partitioning in Section 2.3 — whekéis the set of all nodes in the graph,andV, are the partitions o¥,
andyv; is an individual node - if we further define atigsible implementations of nodesP,, the node's
selected personality g3(v), and the weight in resource for that personality asv.(p(v)), we can
reformulate the heterogeneous partitioning congsdrom Equation (4) as:

> w(py)- > w(HY)
\VARY/ VJ-U\/2 (10)

5w () <I, OrO1R
v v

It is important to note that every node has onlg G&elected personality(v), even when there are
multiple possible personalities. The selected pexfity is the personality that has been chosen to
implement the node, and the choice of which pel#grta select becomes an optimization decision for

the partitioning problem. The addition of the pewiy selection component to the multi-resource
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personality problem adds greater degrees of freafdrmore potential solution candidates. Whereas th
previous complex-constraint partitioning problerer@rafter referred to asngle-personality partitioning
has O(?) potential solutions, whereV|| is the number of nodes in the graph, multi-pesibn

partitioning increases the number of potential ofs to O(C(P)x¥!) potential solutions, where
C(P)=Q|F3| (11)

The number of combinations of personalities scales-polynomially with the number of multi-
personality nodes, and potentially faster thanrtheber of partitions. The larger number of poténtia
solutions may mean that it is possible to find sigwesolutions compared to single-personality
partitioning, and the ability to change personaditprovides an additional axis of freedom that loan

exploited in partitioning algorithms.
4.3. Manipulating Resource Utilization

The incorporation of personality mapping into pantiing also necessitates new quality metrics for
the partitioning problem. As mentioned in Sectioh, dalancing the utilization of multiple resouréss
important in practical applications and has beeentified as one of the key open problems for
partitioning algorithms targeting heterogeneousiaey In contrast to existing research on complex-
constraint partitioning where the total resourcization across all partitions is fixed, in MPPeth
resource utilization is dynamic, because changingde's personality changes its resource requirsmen
Achieving a specific ratio of resource utilizatienoften desirable, as the design being partitiomeg
need to be mapped to a supercomputer, array of EP@/4other set of devices with a predefined ratio
available resources. To this end, we defingesource utilization ratio(RUR), which allows the
partitioning problem to also specify a desiredadtir the use of the heterogeneous resources watith
partition. To evaluate how well a solution achietles RUR, we also introduce the concept of a new
optimization metric for MPPRUR deviationThis metric is computed as the root-mean-squRkS) of

the percent deviation of each resource, from igetavalue. That is,
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2
R (U, —-U
RUR Deviation = iDZ( T ZA’r) (12)
R 1 UT,r

whereUs, is the target utilization in resourceandU,, is the actual utilization in resource
As we analyze the efficacy of MPP algorithms ldtethis chapter, we will evaluate them both in
terms of the traditional cut size optimization desbh and as a multivariate optimization problem that

attempts to optimize for both cut size and RUR aléan.
4.4. Related Work

The basic graph partitioning problem is one ofdlassic optimization problems of Computer Science
[6]. Kernighan and Lin's eponymous "KL" algorithf0] — a local search optimization algorithm
developed for the Traveling Salesman problem —widely applied to the problem of graph partitioning
The basic idea of the KL algorithm was to perfotarative improvement on an existing, non-optimal bi
partitioning solution by selecting one node fronghegartition and swapping their places. The alpaorit
chose the two nodes that would most reduce thsizetwhen swapped. This process was then repeated
until there is no further improvement in the saati Among the key limitations of KL was the facath
every move required the algorithm to examine eypagsible pair of nodes that could be swapped was an
O(N?) operation in terms of the number of nodes ingtaph. This was acceptable for small graphs, but
did not scale to the size of the graphs neededepoesent many important partitioning problems,
including circuit partitioning. Fiduccia and Matises extended KL to "KLFM" (sometimes referred to
as just "FM") by transitioning from graphs to hyperphs (allowing them to model key features of
networks and circuits, such fanout) and addinggtia bucket data structure and a new move heutastic
guarantee linear-time complexity [61]. Cruciallyy kelaxing the requirement that graph partitions be
perfectly balanced, KLFM allowed asymmetric moveshat is, moving a single node to a different
partition without needing to simultaneously swapwith another node. This, along with the use of a

special data structure for finding the best nodentve, allowed KLFM to improve the KL algorithm's
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move operation to linear time complexity. Since KL®ill be one of the partitioning algorithms thaew
modify for MPP, we will discuss the details of @lgorithm more thoroughly in Section 4.8.1. KLFMsha
remained a very popular algorithm for the circuttftioning domain, in part because the low degee
fanout in hypergraphs based on real circuit deslgads to very fast performance for KLFM. Many
incremental improvements to KLFM to improve seasfficacy and escape local minima have been
proposed; for the sake of brevity in this documer,refer readers to surveys of the topic [62] [68]
general, KLFM-based local search and stochastigritigns (sometimes used in concert) have been the
most widely used in research related to digitaldqeartitioning, but other optimization heuristibave
also been applied to graph partitioning, includgenetic algorithms [64], spectral decompositioraof
sparse matrix circuit representation [65], neusiorks [66], simulated annealing [67], and TabarSe
[68].

Adaptation of graph partitioning algorithms to tlmcreasing complexity and heterogeneity of
computing devices and systems required new inma&tiAlpert observed that the performance of graph
partitioning algorithms failed to scale with the dfe's Law increase in circuit size, and introdutiesl
concept of multi-level partitioning [69], which pitions a graph in multiple steps with decreasiengls
of granularity, to improve performance scaling. Kae recognized that the fixed resource sizes of
individual FPGAs represented a different probleranthASIC partitioning, and developed a cost
minimization algorithm using integer linear programg [70]. Liu introduced the concept of using
complex-resource graphs to model partitioning efttbterogeneous logic in FPGAs, proved the problem
was NP-Complete, and described a KLFM-based hetesmus partitioner [71]. Karypis (with Kumar)
extended the theoretical framework of multi-coristrpartitioning by including multi-resource clustey
[72], and later (with Selvakkumaran) implementedcgical multi-constraint partitioning for FPGAs in
the hMETIS partitioner, including modifications the gain bucket data structure to support multiple
resource types [73]. They also demonstrated thataitiditional constraints of heterogeneous circuit
partitioning significantly increased cut size. They limitation of this work, when compared to thelti

personality partitioning problem we will describethis chapter, is that it considered all FPGA vese
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mappings as being fixed prior to partitioning. Tamand Chien adapted heterogeneous graph partiionin
to the process of mapping a task graph to a comgpugpiid with heterogeneous processors using thee ide
of balancing processor occupancy between partifiofis Wu addressed a similar problem in hardware,
using integer programming to partition logic in émultiplexed FPGAs [75].

As CAD has become more and more essential to magadlge complexity of modern systems, there
has been greater motivation for intelligent intéigra of CAD processes. Adya demonstrated that
unifying the previously separate CAD processes atifoning, placement, and floorplanning led to
superior results in ASIC design [76]. Taghavi dssrd the weaknesses in applying ASIC-driven phlysica
design algorithms to FPGASs, and argued that exjgiartitioning algorithms needed further developimen
in the problem of heterogeneous resource-balanfii@ Tessier and Giza noted that an FPGA's
configurable logic blocks might be used for eithauting or for implementing logic, and that therasw
an interaction between logic partitioning and praeat that impacted the overall area of a desigh [78

Partitioning algorithms for hardware/software c@ida share some similarities with multi-personality
partitioning; Arato provides a formal definition tife problem as a form of graph partitioning [72jd
logic may have different implementation costs indazare or software. Lysecky and Vahid experimented
with dynamic hardware/software partitioning on FRQ4sing the MicroBlaze soft processor core along
with specialized hardware accelerators [80], altffioboth ‘hardware' and 'software’ in this caseleesi
on the same physical chip. The use of the KLFM rilgmm for hardware/software partitioning is also
gaining support from some researchers. Mann arthegadhe KLFM heuristic could provide better result
than generic stochastic algorithms [81]. When caingahardware/software partitioning to the multi-
personality graph partitioning problem that we silidy in this chapter, it is important to note thajor
difference in the two problems: In hardware/sofevao-design, a node's implementation is fixed based
on the partition (hardware or software) to whicé tlode is assigned, and each partition is homogsneo
In multi-personality partitioning, partitions areterogeneous and node personalities are a fregblari
within a partition. This is necessary to model hegeneous devices (like FPGAS) or processor ckister

where multiple resource constraints must be managghih each partition. Moreover, the two problems
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tend to have different optimization goals. Hardvsofiware partitioning tends to focus on applicatio
performance and meeting real-time deadlines, wkeagegph partitioning focuses on logic utilizatiomda
minimizing communication costs. From an algorithetandpoint, hardware/software partitioning also
tends to use much smaller, coarser-grained gragherewoptimization approaches such as integer
programming are more traditionally successful [8&je will develop our own integer program for
performing multi-personality partitioning and evate its efficacy on large problem sizes later iis th

chapter.

4.5. Benchmark Development

To evaluate algorithms for multi-personality paotiing, we needed to develop a set of benchmarks
appropriate to the problem. We set the followinitecia for our benchmarks:

e The benchmarks must cover a range of graph sizésnaist include graphs up to sizes of at
least hundreds of thousands of nodes. This is sapet accurately reflect the size of modern
graphs that would be partitioned between multigeices.

» It must be possible to assign multiple personalitird resources to the nodes.

* The benchmarks should cover a variety of applicadomains and topographies, including
both those based on circuit designs and on taghgra

« The benchmarks must be publicly available.

A detailed description of our analysis of existicigcuit and graph partitioning benchmarks can be
found in [83]. We selected a benchmark set congjstif 21 graphs derived from hardware description
language-based (HDL) designs for circuits and distedrl benchmark graphs from previous partitioning
research. Three of the benchmarisolétion, jet,andrct) are based off firmware designs for particle
accelerator experiments related to the work desdrib Chapter 3. The graphs in our benchmark siite

summarized in Table IV and described in greateaibliet the following sections.
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Table IV. Multi-personality benchmark graphs, sorted by ascending number of nodes.

Name #Nodes | #Resources %6MP Type Description

Nodes
shi 4K 2 8 HDL Cryptographic Hashir
diffeq1 4K 2 38 HDL Differential Equation Solvt
rayget 11K 3 25 HDL Ray-tracing
blob 12K 2 24 HDL Image Processil
cti 17K 3 14 nor-HDL JOSTLE Benchma
memplu: 18K 3 63 nor-HDL Memory Circui
boundtoj 32K 3 15 HDL Ray-bounding
wing 62K 3 6 nor-HDL JOSTLE Benchma
brack: 63K 3 8 nor-HDL JOSTLE Benchma
fe_toott 78K 3 7 nor-HDL SuiteSparse Benchmi
fft128 92K 3 8 HDL Fas-Fourier Transforr
fe_rotol 100K 3 4 nor-HDL SuiteSparse Benchmi
598¢ 111K 3 20 nor-HDL METIS Benchmar
fe_ocea 143K 3 6 nor-HDL SuiteSparse Benchmi
144 145K 3 20 nor-HDL METIS Benchmar
wave 156K 3 11 nor-HDL RIACS Benchmar
isolatior 188K 2 2 HDL Particle Isolatio
jet 190K 2 32 HDL Particle Jet Discove
m14k 215K 3 4 nor-HDL METIS Benchmar
rct 241K 3 30 HDL Calorimeter Triggerin
mcm| 346K 3 15 HDL Monte Carlo Simulatic

4.5.1. HDL-Based Benchmark Development

In order to produce benchmark graphs that woulddsely representative of the graph size, topology,
and resource distribution that would be encounténed real FPGA design CAD flow, we based our
HDL-derived graphs on circuit designs that wereeli@yed to target FPGA platforms. To convert a

circuit from HDL to a multi-personality graph, weead the following procedure:

1. We synthesized the HDL design using Synopsys De€igmpiler [84] to its GTECH [85] non-
technology specific synthesis library. This createsstructural netlist that can be converted to
functional graph with simple logic functions bouethodes.

2. We identified functional nodes within the structunatlist that correspond to functions that can be
implemented in multiple resource types in FPGAssSehprimarily consist of arithmetic operations
(such as additional and multiplication), data ggerésuch as register files, memories, and FIF®s), a

generic logic functions with a moderate number rgfuts and outputs, such that they could be
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mapped to a look-up table requiring less than the af a block RAM unit (36 kilobits in our target
FPGA architecture).
We back-annotated the multi-personality functiomghie original HDL design as synthesis "black
boxes", which directs the synthesis tool not to rfam to hardware resources in its technology
library.
We re-synthesized the black-box-annotated HDL desiging the Xilinx Vivado synthesis tool [86]
targeting the Xilinx Virtex-6 FPGA architecture. i§toptimizes and maps all nhon-multi-personality
logic functions to specific FPGA hardware resourgéthout transforming the multi-personality
functions.
We separately experimentally synthesized each speatonality function while directing the Vivado
synthesis tool to use slice logic, DSP blocks, lmclk RAM respectively. We used this data to
determine the physical logic costs of each posgiblsonality.
We converted the black box netlist to a graph regmeation, attaching the personality logic costs to
each node.
Our HDL-based circuits come from a variety of apglion domains. These are as follows:
» sha- A secure cryptographic stream hashing circuilémenting the SHA1 algorithm [87],
included in the ERCBench suite of benchmarks fooméigurable hardware [88].
« (diffeql - A first-order, two-variable differential equatio solver using successive
approximation included with the VTR academic CAltesfior FPGA research [89].
* raygen - A raytracing circuit for producing accurate ligly in computer generated imagery.
Included with VTR.
» blob — An image processing circuit that identifies $aniregions in an image and computes
their attributes and bounding boxes. Included WillR.

* boundtop — A collision detection circuit used in ray simtiden. Included with VTR.
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» fft128 — A 128-point Fast Fourier Transform circuit thman be used for diverse signal
processing applications. Included with ERCBench.

* isolation - A large-scale energy-based discrete particlitism system for high energy
physics experiments. Developed for the CMS expertna¢ the proposed HL-LHC particle
accelerator [4].

* jet — A multi-particle jet reconstruction and summaiycuit, designed for the HL-LHC's
global calorimeter trigger.

e rct — A region-based electron and tau particle disppvend characterization system,
designed for the HL-LHC's regional calorimetergeg See Chapter 3 for more details on the
design of this system.

« mcml — A Monte-Carlo simulation of photon scatterindeefs in light-based cancer therapy.

Included with VTR.

4.5.2. CHACO Benchmark Graphs

In addition to the benchmark graphs we generatech fHDL-based circuit descriptions, we also
included a variety of partitioning benchmark graphthe CHACO graph format [90] available from the
Walshaw graph partitioning archive [91]. The adeget of including these benchmark graphs is that the
Walshaw archive provides extensive partitioninguitssfor these graphs taken from over 40 academic
and commercial partitioning algorithms, allowing tasreliably validate the performance of our base
partitioning algorithms before adding multi-perslityasupport. Additionally, since the utility of nitix
personality partitioning may extend beyond usehe tircuit partitioning domain, these benchmarks
provide a more diverse set of graph topologiesafoplications ranging from structural modeling to
financial analysis.

Since the CHACO-format graphs from the Walshaw igecldo not include HDL code, it is not
possible to assign personalities to nodes usingC#kie flow described in Section 4.5.1. Instead, vge u

the personality resource costs obtained from empmrial synthesis and randomly assign personatiies
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nodes according to the proportions in Table IV. @deantage of including the CHACO graphs in our set
of benchmarks is that we can use the single-peligpneersions of the graphs to compare the
performance of our partitioning algorithms to othiedependently developed partitioners. We will
compare our KLFM algorithm to that of hMETIS andetbest results from the Walshaw archive in

Section 4.10.3.

4.6. Multi-Personality Brute-Force Algorithm

Although multi-personality partitioning is NP-Corepé [71], developing an optimal algorithm can
yield some insight into the source of the probleaomplexity. A simple brute-force algorithm can be
formulated in four steps:

(1) Enumerate all possible node partitienthat is, all possible disjoint subsets of nodes.

(2) For each potential node partition from the previatsp, enumerate all possible personality

assignments to create a set of possible solutions.

(3) For each possible solution, check if the solutiozeta all resource constraints and compute the

solution's cost.
(4) Select the lowest-cost solution that meets all wairgs.

Without Step 2, the algorithm is identical to theutk-force algorithm for single-personality
partitioning. This added step multiplies the numbkpossible solutions by a factor equal to the bem
of personality combinations, as described in Eguagil1). Thus, the complexity strongly dependshen t
number of potential personalities in the graph, ena&y be significantly higher than in single-perdiipa

partitioning.

4.7. Multi-Personality Integer Programming

Although the multi-personality partitioning constts may initially appear to be non-linear, it is
possible to reformulate the problem into a 0-1detelinear program (ILP) or integer quadratic pesgr

(IQP), depending on the chosen cost function. IQP/Icomputation times may be significantly lower
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than that of a brute force approach due to theofisephisticated heuristics exist. However, trarmsfog
a problem into an ILP/IQP is often non-trivial; tinis section we will describe how the multi-perddga

partitioning problem may be reformulated using éineonstraints.

4.7.1. Personality and Partition Selection Constraints

A post-partitioning multi-personality node can besdribed as a 3-tuple: for a node defined by
parametersi{ k, p, let i specify the node’s identity in the grapghdenotes the partition that currently
contains nodé, andp denotes the personality selected for nbdehus, each node can occupy oneof
xP; possible statesvhereK is the number of partitions afiis the number of personalities for the node.
For brevity we will consider the basic bipartitingiproblem wher& ¢ {1, 2} in the examples that follow,
but the same approach can be applied to generaKpartitioning

To translate state selection into a linear constraie define a binary variable for each possitdgées
Thus, given a nodej;, and two possible partitions, we must defifi l@inary state variables of the form

Vi11t0Vi1p, @andvi, 1 to v, p. Formally,
Vikp 0{0,1} Oid{..1}, k0@, 24, pOl.. B (13)

If the variablev;x = 1, then nodeis located in partitiof with personalityk. If it is O, the node is in a
different partition, has a different personality, th. Since the node must be in exactly one siste
partition and personality mapping can then be esqm@ as a set partitioning problem. This can be

decomposed into linear constraints for an ILP gdbyeadding, for each node, one constraint of tenf

VigaF VotttV vy oVt t v, =1 (14)

and an additional2 constraints of the form:

Vikp >0 (15)
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4.7.2. Resource Constraints
The partitioning must satisfy a maximum imbalaneestraint for each resource, as described in (10).
To translate this into linear constraints, sepaeapeations are needed for each resource. Equdt@®)n (

can be reformulated as:

My =W [ € F Wy, + W o) O 1F (16)

whereW,;,r is the total weight in resoureeof all nodes in partitiov;. The total partition weightan
be expressed as an linear equation using the bivemiables defined in (13) and adding constant

coefficients of the fornW,, (the weight of nodein resource when personality is selected):
—_ *
W, .r =2 2 W, Yk,p (17)
IV, pUR

To eliminate the absolute value operation from (16)must be split into two paired knapsack

constraints, which take the form:

(hr +DW + (I ~ )W, 5, <0,
(Ir _1)W\/1,r +(|r +1)V\</2,r <0

Thus, the resource imbalance constraint can beesspd as integer linear equations. To expand

(18)

support from bipartitioning to multi-way partitiord, similar balance constraints must be construicted
every combination of two partitions; the numbeimbalance constraints then increases accordinigeto t

scaling factor:

K)_ K(K-1)
N as)

4.7.3. Objective Function
The last step required to adapt the partitioninmpjem is to express the cost function as a linear o
guadratic equation of the constraint variableshdf cost function is the cut size, then this fumtitan be

expressed as:
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Minimize: ) C(e)* K (20)
Ue

where C(e) is the cost of hyperedgethat spans partitionand E. is a binary variable indicating

whether the edge spans partitions. In Boolean form:
Ee=Te1 && Tep,  where Tey=Vixall... [Mkp (21)
for all v; connected t@ The Boolean equations are converted into se@Dfinear constraints. For

multivariate optimization, RUR and other cost netrtan be linearly incorporated into the ILP object

function as needed, or an IQP solver can be usezhidlinearity is desired.

4.7.4. Computational and Spatial Complexity
Although optimal partitioning is NP-Complete, ILBl¢ers use generic heuristics such as branch-and-
cut to more efficiently narrow the solution spaaged may produce feasible, non-optimal solutioniwit

a fixed computational budget. However, spatial dexify may still pose a significant barrier for dgr

problem sizes. Approximatelp(V + KEEVEDDE) constraint equations are required, wh&feis the

number of node< is the number of hyperedgds,s the number of partitiong is the average number

of personalities per node, amlis the average hyperedge degree. In the worst BaseV, though in

many cases edge degree has a relatively small iqoperd due to practical design limitations such as
wire fanout constraints. The number of variableguired is approximately)(KEEVDH B) . Since the

size of ILP's coefficient matrix is the producttbé number of rows and columns, it scales quadiitic

with the graph size, number of partitions, and fhevalence of node personalities. The number of non
zero entries scales wittd, EV and D, but generally the matrix is spars&s we will discuss in our

experimental results, the spatial complexity of the led to unfeasibly high memory requirements for

larger graphs.
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4.8. KLFM-Based Partitioning Algorithm Design

Because of the complexity of general optimizatitgoethms, it is worthwhile to consider whether
algorithms designed specifically for partitioningoguce better results within the same constraints o
more easily scale to larger problem sizes. We dgval heuristic-driven multi-personality partitiogin
algorithm based on a well-known single-personadaytitioning algorithm that can scale to large peab
sizes: the multi-level KLFM algorithm [61] [69]. KEM is a popular and well-studied algorithm, and has
been adapted for multi-resource, single-personpkhiyitioning in the past, therefore it serves asdzal
basis to evaluate the impacts of integrating pexrggnselection into the partitioning algorithm. this
section, we outline the key features of the badi€M algorithm and discuss the modifications to the

algorithm needed to support multi-personality geaph

4.8.1. Base KLFM Algorithm

KLFM is a neighborhood-search-based algorithm fapg partitioning that is capable of finding local
optima, but may not necessarily find a globallyimpd solution. We describe the KLFM algorithm in
pseudo-code in Algorithrn. To roughly summarize: starting from an initialuimon, it performs several
passes where, in each pass, it moves all nodestfreimstarting partition to another partition. Nsdare
moved in a priority order determined by how the mauill improve the cut size and whether moving that
node would violate the constraints on imbalancéhi size of the partitions. The cost is updatedraft
each move, and the algorithm keeps track of thedwdstion it has created thus far. At the end phas,
the best solution is used as the starting pointHernext pass. The algorithm continues in this mean
until no improvement is seen over the best solufimm the previous pass. The original KLFM
formulation only considered a single resource caidt but it can be extended to use multiple qansts
to model heterogeneous circuit resources withapificant changes to the algorithm [71].

The algorithm uses a special data structure refdoeas again bucketwhich selects the nodes to

move between partitions. A gain bucket in eachifiamt maintains a set of priority queues that conta
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the 'unlocked' nodes that in that partition thateligible to switch partitions (i.e., the nodeatthave not
already been moved in the current pass of the igthgoy. Nodes are prioritized based on ttgain — the
reduction in the graph's cost which would resutrfrmoving that node. The “top” node in a gain buicke
is always the highest-gain node that can be movt#tbut violating the maximum imbalance constraint
for the graph's partitions. Moving a node betweeartifions may cause the gains of neighboring nades
change, so the gain buckets must be updated aftdr move. Efficiently updating the node gains is
essential to the computational complexity of thgodthm [61]; it relies on the fact that it is gnl
necessary to update the gains of unlocked nodesthaeighbors to the node that most recently chove
KLFM is very efficient for circuit partitioning bewse circuit nodes tend to have few neighbors due t
wire fanout limitations [92]. Many gain bucket sttures have been studied by researchers, but the ga
bucket is commonly implemented as an array of gaieuith last-in/first-out ordering [62]. This gives
KLFM's computational complexity an upper bound ¢fX) whereQ is the sum of the number of ports
(node-edge connections) on all the nodes in thphgrahis allows KLFM to run relatively quickly for
most netlists, which is particularly significantda@ise it is common to run the algorithm severat$iper
partitioning problem and select the best resulati@pcomplexity is also @), a feature that will become
important when comparing the memory requirementswfILP and KLFM-based MPP algorithms for

large graphs.

4.8.2. Multi-Personality KLFM

Multi-Personality KLFM builds on the KLFM algorithiny adding the ability for node personalities to
be changed as part of the partitioning process. dlgerithm is given the freedom to change node
personalities in order to make it easier to meddriz® constraints (allowing higher gain moves)r t
control for resource utilization ratios when usimgltivariate optimization. The simplest way to cernv
an existing single-personality algorithm to supporiltiple personalities is by using static persipal
mapping to assign each node a single personalityriori. A prototypical static multi-personality

partitioning algorithm is outlined iAlgorithm 2. As shown in the pseudocode, it is also possitneaf
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statically-mapped algorithm to readjust node peabties after partitioning for reasons such as
optimizing resource utilization. We discuss altéivea strategies for initial personality assignmentl

partition post-processing in detail in Section 4210

Algorithm 1. KLFM Partitioning for Single-Personality Graphs

Input: A single-personality graph, containing nodes with weights in one or more resources, and a set
of maximum imbalance constraints for each resource.

Output: A single-personality partitioning solution, consisting of A disjoint subsets, containing all the
nodes from the input graph.

{current_solution, current_cost} = GenerateRandomlInitialSolution(graph, max_imbalances);
gain_buckets.SetMaximumResourcelmbalances(max_imbalances);
repeat
{new_solution, new_cost} = {current_solution, current_cost)
gain_buckets.AddAlINodes(current_solution);
while gain_buckets.HaveNodes() do
node = gain_buckets.RemoveTopNode(new._solution.ResourceImbalances());
new._solution.MoveNode(node)
new._cost = new_cost - node.Gain();
gain_buckets.UpdateNodeGains(;
end
until new_solution == current._solution;

Algorithm 2. Statically-Mapped Partitioning for Multi-Personality Graphs

Input: A multi-personality graph, containing nodes with weights in one or more resources, a set of
maximum imbalance constraints for each resource, and a target RUR.

Output: A multi-personality partitioning solution, consisting of K disjoint subsets, containing all the
nodes from the input graph, with one personality assigned to each node.

single_personality graph = AssignlnitialPersonalities(graph, target RUR);
solution =PartitionSinglePersonalityGraph(single personality graph)
/I Optional Post-Processing Step
for each partition in solution do
partition.Readjust(max_imbalances, target RUR);
done

Adding dynamic personality mapping to change nostsgnalities during the KLFM process requires
several changes, as shown in AlgorithnDgnamic personality selection gives rise to manpadntant
guestions about when and how to change node pditemadeading to more complex implementation
options than are present when using static mapgome of the issues we will discuss include de&dloc

prevention and computational complexity (Sectidh 3), fine-grained changes to node personalitiea on
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per-move basis (Section 4.8.4), and coarse-grajh&uhl approaches that rebalance node personalities

for the entire graph (Section 4.8.5).

Algorithm 3. Dynamically-Mapped KLFM Partitioning for Multi-Personality Graphs

Input: A multi-personality graph, containing nodes with weights in one or more resources, a set of
maximum imbalance constraints for each resource, and a target RUR.

Output: A multi-personality partitioning solution, consisting of K disjoint subsets, containing all the
nodes from the input graph, with one personality assigned to each node.

{current_solution, current_cost} =
GenerateRandomInitialSolution(graph, max imbalance, target RUR);
gain_buckets.SetMaximumResourcelmbalances(max_imbalances);
gain_buckets.SetTargetRUR(target RUR);
repeat
{new_solution, new_cost}! = {current_solution, current_cost};
gain_buckets.AddAlINodes(current_solution);
rebalance_available = TRUE;
while gain_buckets.HaveNodes() do
if gain buckets.HaveFeasibleMove() do
node = gain_buckets.RemoveTopNodeAndAssignNewPersonality(
new_solution.Imbalance(), new_solution. RUR();
new._solution.MoveNode(node);
new_cost = new._cost - node.Gain(),
gain_buckets.UpdateNodeGains();
end else if rebalance_available do
new._solutionRebalancePersonalities(target RUR);
rebalance_available = FALSE;
end else do
Quit0;
done
end
until new_solution == current_solution &&
new_solution. RURDeviation > current_solution RURDeviation().;

4.8.3. Deadlock Prevention for Multi-Personality Graphs

Dynamic personality selection also introduces a nkallenge to ensuring algorithm correctness: the
potential for deadlock. In traditional KLFM, as pas no node's individual weight exceeds the maximu
imbalance, it is always possible to find a nodé t@m be moved without violating constraints. Tdigs
not change for multi-resource graphs when usinticstersonality mapping. Previous work has shown
that deadlock can be avoided in multi-resourcelsipgrsonality graphs by using separate gain backet

for each resource [73], though this restrictioratiisvs coarse-grained nodes that use multiple resou
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types - a limitation that makes it difficult to elop multi-level partitioning and would be incomgalé&
with mixed resource designs such as those we deselfwr high-energy physics systems in Section 3.4.
Avoiding deadlock is significantly more complex dynamic multi-personality partitioning, because
the algorithm cannot guarantee that there will gbve a move available that does not violate any
balance constraints. Depending on the personaliigscted during previous moves, it may become
impossible to empty the gain bucket without viagigtibalance constraints. Furthermore, we also do not
disallow personalities that use multiple resouyge$, meaning that the algorithm cannot work witbhe
balance constraint in isolation of the others. dadf we employ several other strategies. First, we
incorporate mechanisms to locate nodes with giesnurce mixtures (Section 4.8.4). Second, we e th
RUR metric (Section 4.3) to maintain the globalanak of resources. Third, we allow for on-demand
reselection of personalities for nodes that haveadly been moved (Section 4.8.5). Finally, we myodif
KLFM to allow temporary balance constraint violatoin the hope that future moves eliminate the
violation. However if constraints are still violatat the end of a pass, the solution is rolled hadke
last non-violating solution. The approach of tenguiby ignoring balance constraints is often effeeti
We use a modified version of this strategy to impr@artitioning results when using clustered multi-

level KLFM, as described further in Section 4.8.6.

4.8.4. Dynamic Gain Buckets

In single-resource KLFM, the gain buckets are usefind the highest-gain node that can be moved
without violating balance constraints. Allowing ttgain bucket to also dynamically select node
implementations has several potential advantages:

» Changing a node’s implementation might allow ittove without violating balance constraints
(when it otherwise could not), increasing the piarter's ability to move higher-gain nodes and
escape local minima.

* A node’s implementation can be changed as it moveémprove the overall resource balance

across partitions.
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* A node’s implementation can be changed to imprdheraresource-related quality metrics, such
as RURs.
Because multi-personality partitioning must minienithe total cut size while also controlling the
overall resource utilization of each partition, arexcomplex policy is needed for selecting whicHento
move, and new policies are needed for selecting padsonalities. We experimented with two different

personality-aware gain buckebulti-Personality BucketandResource-Affinity Buckets

Multi-Personality Buckets

Multi-Personality Buckets use a single gain-sopeidrity queue of nodes, similar to the basic gain
bucket. Unlike the basic gain bucket, each nodeyeantludes a set of resource costs for each of its
possible personalities. When selecting the nexertodmove in KLFM, we examine each gain bucket,
and check whether the top node has at least orsonmdity that would allow it to be moved without
violating balance constraints. If not, we move othie next node in the bucket, continuing untilfind a
node that can be moved or we exceed the maximurohsdapth. Once we have the best node from each
bucket, we choose the one with the highest gairdeseribed in Section 4.8.2, it may not be posdible
find a non-violating move; therefore, we set a mmaxin search depth to maintain the algorithm’s
asymptotic complexity.

In addition to choosing which node to move, theipaner also needs to choose a personality far tha
node. The change in resource balance across @astiiepends on both the movement of the node and th
(potential) change in its personality. Personditigay be selected either to reduce the degreesofiree
imbalance between patrtitions (part of the partitignconstraints) or to reduce deviation from thegda
RUR (part of the optimization goals). If any of ttesources are within 10% of violating their imirada
constraints, the algorithm prioritizes alleviatitige imbalance when selecting the personality. Haofa
the node’s potential personalities, the partitioc@nputes ammbalance scoredefined as the root-mean-
square (RMS) of the fractional imbalances in aflorgces. The RMS value tends to emphasize large

imbalances in a single resource over small imbasiic many resources, which is desirable sincelarg
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imbalances are more likely to prevent future higingmoves. The partitioner then chooses the
personality with the lowest imbalance score.

If the partitions are not near their balance lipikee partitioner also selects personalities basethe
resource utilization goals. To incorporate the¢tilRUR goal into move decisions, it computes alaimi
resource-ratio scordor each possible personality. This score is thMSRof the percent deviation from
the target utilization for each resource, basethertotal utilization of all resources in a paditiand the
target utilization ratio. The partitioner then stéethe personality that minimizes a weighted stirthe

imbalance and resource-ratio scores.

Resource-Affinity Buckets

Although using Multi-Personality Buckets allows uWe consider heterogeneity and multiple
personalities when making node moves, gain buaketies are prioritized only by a move'’s effect oh cu
size. Sometimes it may be advantageous to insttadse moves based primarily on their effect on
resource balance and utilization. For instanca,lérge imbalance exists in the hypothetical Rasoi;,
we may be more interested in re-balancing ResoXit&n reducing cut size; yet the highest-gain sode
may not have personalities that use Resource XouRes-Affinity Buckets are designed to allow the
partitioner to effectively “peek” deeper into thedkets to find nodes that may have a slightly logan,
but a greater impact on imbalanced resources.

Resource-Affinity Buckets use multiple priority aues per partition, with each queue containing only
nodes with personalities that match a specificuessuse profile. Before partitioning, we calculdie
percent of each resource required for each nodsopelity and assign an “affinity” for the resource
which it uses most. It is inserted into the queasoaiated with that resource. We also create mixed
resource affinities to allow for nodes that usingltiple resources in a single personality. When imgk
moves, the algorithm examines the top node in edidie affinity queues of the gain bucket. These
gueues provide access to nodes with specific resamixtures, so it may be able find a node that can

relieve resource imbalances or improve resourdigatton ratios.
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Because an individual node can have multiple ped#tas, the same node may appear in multiple
different affinity queues. When moving a node selédrom one queue, the partitioner must also purge
its alternate personalities from any other quelidsis, each node entry in a queue contains poiters
any other entries for that node in other queuethodiigh this complicates the implementation, it doeis
increase the asymptotic complexity of the algoritttowever, accesses to these references may exhibit
poor spatial locality, leading to increased runesmWe study the computational cost of differentAMP

algorithms in Section 4.10.6.

Hybrid Buckets

Multi-Personality Buckets are designed to simplfifyding the highest-gain moves when resource
imbalance is not critical, whereas Resource Affifitickets are designed to simplify finding good e®v
in situations where resource imbalance constranae it difficult to find valid moves. The two bustk
types can be combined into Hybrid Buckets. Whenausiybrid Buckets, the partitioner maintains both
gain bucket data structures and selectively choadish structure to use based on the current resour
imbalance conditions. This approach leverages ttengths of both methods; however, both sets of

buckets must be updated each move, leading toegreamputational overhead than using a single hucke

type.

4.8.5. Pass-Level Implementation Remapping

We employ a global remapping operation that alltvespartitioner to adjust all node personalities in
the graph to reduce resource imbalance and/or wepRIJRs. This is a relatively expensive operation
compared to the gain buckets’ local, move-basedopetity selection. To avoid increasing the overall
complexity of the algorithm, we globally remap ordynce per KLFM pass. In our experiments, the
number of passes required for the algorithm to itete scaled sub-linearly with graph size, andalaa
be limited as a parameter of the algorithm. Thus jtossible to use @) global remapping algorithms at
per-pass frequency while maintaining the overalkdir complexity of the base KLFM algorithm. We

examined two different methods for global remappmglti-phase greedy and fractured ILP.
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Multi-Phase Greedy Personality Remapping

The greedy remapping algorithm performs a randontk ved the nodes within each partition,
alternating between partitions. For each examineden the algorithm selects the personality that
minimizes the chosen resource cost. Since thetseard dependent on the order that nodes arediisite
and because the greedy algorithm is relatively ghea experimented with running it multiple timeghw

different node orders; we observed that mappingsmgdly remained stable after 2-3 passes.

Fractured ILP Personality Remapping

The integer program described in Section 4.7 caadapted into a simpler form that only handles
personality remapping, and thus exhibits betteliragawith increasing graph size. As we will show a
little later in Section 4.10.1, ILP performs welh@n we are able to keep problem sizes small. Taavo
excessive memory requirements, we limit its usgréphs of less than 10,000 nodes. For larger graphs
we arbitrarily fracture each partition into subsetsoughly 10,000 nodes, and run the ILP remajoper
these sub-partitions. We do not require an optiseéition, and use a branch-and-bound heuristic with
limited depth to bound complexity. In our experingeiLP-based remapping performed marginally better
than greedy remapping, but was also slower. Thuome used the ILP remapper in our high-effort

partitioner configurations.

4.8.6. Multi-Level Partitioning

KLFM’s partitioning quality tends to scale poorlytivthe graph sizes needed to represent large-scale
modern circuits, motivating the creation of muéti<el KLFM [69]. In multi-level partitioning, nodesre
clustered hierarchically into larger and larger esupdes before partitioning. After partitioning the
resulting graph of supernodes, the graph is deesied by one level, and the previous result is asetthe
initial starting point for the next round of paiditing. This continues until the graph has been de-
clustered back to its original form. There are salvehallenges to supporting multi-level partitiogiwith

multi-personality nodes.
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Supernode Clustering

A key aspect of multi-level algorithms is the mathesed for forming the supernode clusters. Because
partitioning is focused on minimizing the numberedfges that span partitions, clustering is ofteseta
on connectivity and density-based node agglomerd88] [94]. For single-personality heterogeneous
graphs, it has been argued that forming clusteth vésource weights in a similar ratio to the total
weights in the graph may make it easier to moveesaedthout causing balance violations [72].

The addition of multiple node personalities ince=saghe complexity. Although a single node may
have a small number of possible personalities,persiwde can take on all possible combinations ef th
personalities of its subnodes. These combinatiamadesas described in (11), thus evaluating all
personalities rapidly becomes computationally othle, and it is necessary to limit the number of
personalities.

Our clustering algorithm is based on greedy modyld®5], but forms clusters based on node
personalities. To select the personalities to uelin the subsets, we attempt to achieve simitaos#o
the target RUR. We also include personalities sintib those used by the Resource Affinity Buckets t
provide the partitioner with the greatest abilityadjust resource balance. In our experiments,imi |

each supernode to 16 personalities; our tests foorgignificant improvement beyond this number.

Multi-Level Constraint Relaxation

During experimentation, we observed that the allgorirarely took advantage of personality changes
at the coarsest levels of multi-level partitioningery large supernodes have large weights in every
resource for each of their potential implementatjoonce the partitions are close to the maximum
imbalance constraint in multiple resources, itiffialt to change implementations without causiag
balance violation in at least one resource. Thuselsx resource constraints based on the coarsefess
the partitioning level to increase freedom and ionprresults at the coarsest levels. As the algarith
progresses to less coarse graphs, constraintéghtened. Global remapping and move-based dynamic

personality selection often allow the partitionembeet tighter constraints at finer levels of piaming.
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We found that it was particularly effective for FRG@etlists to use multi-level constraint relaxatifom
DSPs and BRAMSs, but maintain strict enforcementh@nCLBs. Most logic can be converted into CLBs,
thus it tends to be easier to adjust the balandeL& utilization during partitioning than it is father

resources.

4.9. Implementing the Multi-Personality Partitioning Alg orithms

We implemented several different optimization aiyons designed to handle MPP, including an
optimal algorithm using brute-force search (infbbesifor any realistic problem sizes), general-psgo
heuristic-based algorithms using 0-1 integer lingaogramming (ILP) and quadratic integer
programming (QIP), and several algorithms basedhenKernighan-Lin/Fiduccia-Mattheyses (KLFM)
approach [61] that is commonly used for partitignaf single-personality partitioning.

A key limitation of adapting general-purpose op#iation algorithms is the difficulty in scaling such
algorithms to large problem sizes. As we noted @ati®n 4.7.4, the spatial complexity of ILP scales
super-linearly with the size of the graph, the degof potential heterogeneity, and the number of
partitions. As a consequence, the memory requiresmaake an ILP-based approach infeasible for the
larger benchmarks, such as those for high energygigs) Monte-Carlo simulation, or fluid dynamics.
Using the SCIP solver [96] on our benchmark suite,observed that the working set exceeded the 32
GBs physical memory available in our test systengfaphs larger than 30,000 nodes. This is refteicte
our later results.

The high memory requirements help to motivate txeetbpment of algorithms designed specifically
for efficient partitioning. We developed multipkariants of the KLFM partitioning algorithm capalaf
performing MPP in order to better understand howveffectively use personality information to obtain
high-quality partitions. They are described in brielow. See [97] and [98] for more details on

implementation and terminology of these algorittand their underlying data structures.
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4.9.1. Partitioning Algorithms Using Static Personality pMeng

Map-First KLFM (MF)

Map-First KLFM (MF) uses static personality mappinghere personalities are mapped to meet the
target RUR prior to partitioning. It is modeledeafthe existing approach of performing resourcepimp
first, then performing partitioning on the pre-mapgmetlist used in existing CAD flows for FPGAs. We
therefore use MF as a baseline in our algorithm paoimons and normalize the results of other
partitioners to those of MF.

Our implementation of MF is based on the Native tMObnstraint Refinement algorithm [73],
developed for partitioning circuits for heterogemed=PGAs. MF is a single-personality partitioning
algorithm; it supports nodes with heterogeneousuees, but does not recognize the concept of pheilti
personalities. To apply the MF algorithm to a mphisonality graph, all nodes’ personalities muest b
selected and locked prior to partitioning. We acplish this using our ILP-based global personality
mapping algorithm, described in Section 4.8.5. ¢taakty mappings are chosen to achieve the global
RUR target, but the mapping does not incorporattishetopology information; when choosing
personalities to set the global resource utilizegjdt does not consider the difficulty of partitiog the

graph in a way that achieves the same utilizatiios for each partition.

Partition-First KLFM (PF)

Partition-First KLFM (PF) also uses static persapahapping, but personalities are mapped after
partitioning. It is based on the existing multié¢\WKLFM algorithm for homogeneous graphs [69] with
the addition of post-partitioning personality rempiqy. Although the final node personality mappisg i
done after partitioning, the initial partitioninggarithm needs some concept of node weight to usenw
determining if partitions are balanced, otherwisenight produce solutions that fail to meet reseurc
constraints under any possible personality mappihg. algorithm converts as many nodes as possible
into the most commonly-usable resource to provigatgr flexibility in moving nodes without violagn

the maximum resource utilization. For FPGA-basetlistg, it is often possible to convert almost all
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nodes into personalities that use only CLBs, addbk-up tables in CLBs can implement arbitraryitog
functions and CLBs include storage elements. Thiéshis then partitioned using only the weightsnfr
that common resource. Because the algorithm daesomsider the weights in other resources, thetresu
may initially contain resource balance violatiohattmust later be fixed. After partitioning, thePHbased
personality remapping algorithm attempts to fix &#ajance violations and improve RURs. Afterward, if
balance violations still exist, nodes are greedilyved between partitions until the balance viotatiare
resolved. This process alters the partitioningtsmiuand typically increases the cut size.

PF is conceptually similar to the Multi-Constralitgrative k-way Balancing method for heterogeneous
graphs [72], in that it attempts to achieve bettédrsize results by avoiding multi-resource caists as
much as possible during partitioning, and triesetdorce balance afterwards. However, unlike that
algorithm, we attempt to leverage personality remivagp to fix balance constraints, exploiting nodes’

multiple personalities. This has the potentialito/folations without increasing cut size.

4.9.2. Partitioning Algorithms Using Dynamic Personalityapping

Dynamic Multi-Personality KLFM (DMP)

Dynamic Multi-Personality KLFM (DMP) combines mapgi and partitioning into a single process
that allows personalities to be remapped multiprees to find the most efficient partitioning. Usittge
techniques described in Section 4.8, DMP uses rhaged personality selection using Resource-Affinity
Buckets and pass-based global remapping using thid-phase greedy algorithm. Implementation
selection is based on the imbalance score. Findllyses global remapping using fractured ILP to

improve the RUR after partitioning.

High-Effort Dynamic Multi-Personality KLFM (HDMP)
High-Effort Dynamic Multi-Personality KLFM (HDMP)si a modified version of the DMP algorithm
that uses some of the more sophisticated but catipoally-intensive personality mapping methods,

trading off algorithm speed for potentially bettesults. HDMP uses Hybrid Buckets for move-based
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selection and fractured ILP-based remapping fos{based personality reselection. When performing
multi-level partitioning, it first attempts multeVel constraint relaxation for non-CLB resourcéghis
fails to produce a result that does not violat®uese constraints, it rolls back to the start @& gass and

retries with normal constraints.

DMP/HDMP with Fine-Grained Ratio Control (DMP-FRHDMP-FR)

Fine-grained Ratio Control (FR) is a modificatianthe DMP and HDMP algorithms that increases
the priority of RUR when the gain bucket decidesciwmode to move next. In the non-FR algorithms, a
node is selected based on its gain and whetheastany personality capable of meeting balance
constraints. After the node has been selectedgdie bucket selects the personality that minimizes
deviation from the target RUR. With FR enabled, exaétlection is based on both gain and the node's

best-case change in RUR, using a cost functioheofdrm:

move cost a( gain j+ BAR,., (22)

cutsize

where Ry, is the current deviation from the target resountéization ratio, anda and  are
experimentally-derived scaling constants. The aatdibf RUR into the cost function allows moves that
produce larger improvements in resource utilizatiemen when they are not the highest-gain move

available.

Integer Linear Program (ILP)

We implemented the 0-1 linear program describe@®éction 4.7 using a cut-size-based objective
function. Because personality selection is incoafer into the constraints, the ILP algorithm uses
dynamic personality selection. Initially we ran thd® solver without providing an initial solutiorn
several cases, we observed that the ILP solverdifdulty finding a feasible solution, so we also
experimented with providing the ILP solver witheas$ible solution as a starting point. Different moels

for constructing the initial solution will be conmea in Section 4.10.2.
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4.10. Results

Before comparing the KLFM variants, we first exaenliow a general-purpose optimization heuristic,
such as an ILP branch-and-cut solver, performs epaapto a partitioning-specific heuristic like KLEM
We then examine how the implementation options vevipusly discussed impact the performance of

KLFM partitioners.

4.10.1.Integer-Linear Programming
We evaluated the efficacy of the ILP-based partitig approach using the SCIP ILP solver [96]. We
found that although ILP could find good solutionken partitioning small graph sizes, its performance

scaled poorly when used on large graphs, suchoas ttepresenting high-energy physics systems. é-igur
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Figure 10. Cut sizes for ILP-based partitioning wih a run time of 48 hours, normalized to MF staticdly-
mapped partitioning. Missing bars indicate that ILP could not find a solution.

10 shows the cut size results of the ILP partitipm®rmalized to the results of the KLFM-based MF
partitioner. These results represent the bestisnlfibund by the ILP partitioner when given 48 hoof

run time. This 48-hour run time is significantlyntger than the time it takes to complete the KLFM
algorithm, but these results are included to preadsense of the bounds of ILP performance when not
time-constrained. When the ILP partitioner's runetiis equalized to that of the MF patrtitioner it size

results fall behind even for most small graphsstaswvn in Figure 11.
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The high spatial complexity of multi-personalityALproblems is at least partially responsible fer th

inability of the solver to find solutions for larggaphs. Memory use scaled super-linearly with lyisipe
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Figure 11 ILP cut sizes (hormalized to MF) for graphs withless than 30,000 nodes for different amour
of runtime. ILP was unable to find a solution for d¢i when given runtime equal to MF.

and heterogeneity, and exceeded the 32 GB of miysiemory in our test system for most graphs with

more than 20,000 nodes. On its own, ILP is notcéiffe as a multi-personality partitioning algorithbut

may have some utility when applied to smaller stdbjems; it is used to perform intra-partition

personality remapping in the HDMP algorithm.

We were also interested in whether we might chasmKLFM and ILP algorithms together to get

better results than running either algorithm bglftsTo this end, we converted the solutions preduby

the MF partitioner to provide an initial startingipt for the ILP partitioner. However, the ILP paodner

was not able to improve upon the initial soluti@ewen when given 48 hours of run time. We are ntd ab

to draw definitive conclusions on why the ILP salweas not able to improve these solutions. Givert th

the KLFM solution already represents a local mimmfor the cost function, it may be that this iditia

solution is not necessarily any closer to a glghladitter solution than a random starting point widueg. It

may also be that these initial solutions do notvig® much information for the branch-and-bound or

branch-and-cut heuristics used by the SCIP sotvaatrow their solution space.
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4.10.2.Evaluating KLFM Parameters
We developed several alternative approaches fopastipg multiple personalities in the KLFM
algorithms' key data structures. To determine howcaénfigure our KLFM-based partitioners, we

implemented and evaluated each of these options.

Gain Buckets

We compared the average cut size achieved acrbsbeathmarks by our DMP partitioning
configuration when using it with the Multi-Persoibal Resource-Affinity, and Hybrid gain buckets we
described in Section 4.8.4. These results are rimedato those of multi-personality buckets andveio
in Figure 12. The MP Bucket, a standard gain buckedified to support multiple personalities, is
outperformed by the Resource-Affinity Bucket, whietrts a node’s personalities into different queues
based on the personality’s resource requiremehis.stiggests that being able to locate and mowele n
with the right resource mixture may often be margartant than simply moving the node with the
highest gain. The Hybrid Bucket, which combines tiABersonality and Resource-Affinity Buckets,
achieved a slight improvement over the ResourcaidyfBucket, but at the expense of some increase i

algorithm run-time, as we will discuss further ur dater results.

Hybrid
Resource-Affinity
MP
I | I |

0 0.2 0.4 0.6 0.8 1

Figure 12. Average of the cut size results for atbenchmark graphs using DMP and different gain bucke
types, normalized to the Multi-Personality (MP) budet type. Lower values are better.

Initial Partition Formation
We examined the impact of different methods foestihg the initial node personalities for the multi
personality algorithms by comparing the Random Rrabortional-Selection methods using the DMP and

DMP-FR algorithms across our collection of benchotaaphs. The results are summarized in Table V.
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Neither method for selecting initial node persdresi showed a statistically significant advantage f
our benchmarks. The random selection policy reguitea slight decrease in average cut sizes, of
approximately 1.5%. This may be a result of theitamthl variability introduced into the algorithm’s

starting point. Although one’s intuition might beat Proportional Selection should lead to lower

Table V. Normalized cut size and deviation from taget resource utilization ratio for different initial node
personality selection methods (Random vs. Proportial).

Norm. Cut Size | RUR deviation
Random 1.000 22%
DMP Proportional 1.017 24%
Random 1.087 8%
DMP-FR Proportional 1.101 8%

deviation from the target resource utilizationisitmportant to remember that these dynamic aligarst
can perform global personality remapping every pakerefore the initial personality mapping is

relatively short-lived.

4.10.3.Performance Validation of Base KLFM Algorithm

The multi-resource implementation of hMETIS is pablicly available and the benchmarks that were
used to evaluate it were not disclosed [73]. Thih@s also declined to make the implementation or
benchmarks available to us for comparison, so wenaadirectly compare the performance our MF
algorithm (which is based on hMETIS's multi-res@upartitioner) to multi-resource hMETIS's published
results. However, the single-resource version oEMM is publically available [99] and can be used t
determine whether our KLFM implementation has coatitipe performance when partitioning single-
resource graphs. Moreover, for the benchmark grphsthe Walshaw partitioning archive (see Section
4.5.2) we can compare the results to the best kn@sults from 40 different partitioning algorithms
[100]. Since it is generally computationally inféds to obtain the optimal partitioning resultseth

Walshaw results provide a good substitute for gagie absolute performance of our algorithm.
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We ran our MF implementation and hMETIS 1.5.3 fantéws on the single-resource version of our

set of CHACO graphs with an imbalance margin of IETIS was run using its default parameters.

Table VI. Cut size comparison of MF, hMETIS, and thke best of the 40 partitioners in the Walshaw
Partitioning Archive for the single-resource versims of our CHACO-based benchmark graphs. Lower
values are better.

MF hMETIS Walshav MF Norm. to | MF Norm. to
Cut Size Cut Size Cut Size hMETIS Walshaw

144 673¢ 668: 647¢ 1.01 1.04
598:¢ 242( 2572 238¢ 0.94 1.01
brack: 70¢ 94¢ 70€ 0.7t 1.0C
cti 31¢ 1064 31¢€ 0.3C 1.0C
fe_ocea 39¢€ 22C 387 1.8( 1.0z
fe_rotol 203¢ 215z 2031 0.9t 1.0C
fe_toott 4247 5052 381« 0.8¢4 1.11
finan51: 31C 292 162 1.0¢ 1.91
m14k 3927 3652 382¢ 1.07 1.0z
memplu: 701z 501z 5457 1.3¢€ 1.2¢€
wave 893( 935¢ 8657 0.9t 1.0¢
wing 93t 281¢ 784 0.3¢ 1.19
geomea 1762 206( 157¢ 0.8¢ 1.12

The cut size results for MF, hMETIS, and the bestult from the Walshaw archive are compared in
Table VI. When comparing the values of MF and hMETb the Walshaw result, it is important to
remember that the Walshaw result is the best résutt many different partitioners, with no consirai
on the run time of the algorithms. As such, it & surprising that the Walshaw result is bettenttize

MF and hMETIS results for most benchmarks. Our Miplementation had a geometric mean cut size
that was 14% lower (better) than hMETIS and 12%hdigthan the best results from the Walshaw
archive. From this we can conclude that the baseNKlalgorithm we use in MF, our multi-resource
partitioning algorithm with static personality mapg, has competitive performance to other KLFM

algorithms — at least when run on the single-pabynversions of our benchmark graphs.

4.10.4.Cut Size Results for KLFM-Based Algorithms
A comparison of the cut size results for the KLFlsbd partitioners is given in Figure 13.

Benchmarks are split to contrast the benchmarkisseterfrom HDL designs for FPGAs, which are
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representative of real-world heterogeneous cir@attitioning problems, and graphs taken from
partitioning benchmark sets in the Walshaw archiéch may be more representative of the struaéire

task graph partitioning problems. In both caselgctiag node personalities prior to partitioning @one
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Figure 13. Cut size results for KLFM-based partiticners, normalized to map-first, and presented
separately for HDL-derived graphs (top) and graphsrom partitioning benchmark sets (bottom).

by the MF algorithm and the approach currently used for stinat netlist partitioning in existing CAD
tools) produced significantly worse cut size resulian deferring personality assignment to after or

during the partitioning process. HDMP producedtbst cut size results of any algorithm.

4.10.5.RUR Deviation Results for KLFM-Based Algorithms

A comparison of the RUR deviation for the KLFM-bdsdgorithms is shown in Figure 14. In contrast
to the cut size results, waiting until after thetitians have been determined (tR€ algorithm, and the
approach currently used for functional netlist jiarting) produces far worse deviation from theicks

ratio of resource utilization in the partitions thide algorithms that assign personalities priasrtduring
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partitioning. Incorporating resource ratios inte thost function in the -FR' algorithm variants can

significantly reduce RUR deviation.

4.10.6.Run-Time Cost
Dynamic personality mapping increases the numberoaiputations that must be performed during
KLFM. To evaluate the computational cost of eachiti@ning strategy, we measured their wall-clock

run times when run on an Intel Core i7 processamgua single thread in isolation. The results were
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Figure 14. RUR deviation results for all benchmarksLower values are better.

normalized to that of MF and are given in Table. VI

PF is fastest, requiring 40% less run time than Biecause it converts almost all nodes to a single
resource, it uses simple gain buckets that only neeatisfy a single resource constraint when simgp
the next node to move. The tradeoff for this speeithe worst RUR deviation of all tested algorithms
DMP and HDMP 30% and 70% slower respectively, biotdpce better RUR deviations and cut sizes.
Adding Finegrained Ratio Control to the dynamicoaildnms significantly improves RUR deviation
without increasing run time cost. Absolute timesddb0-run benchmark set were on the order of éshou

for the largest circuits using HDMP.
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Table VII. Geometric means of the normalized cut gie, absolute RUR deviation, and normalized wall-
clock run times for the six KLFM partitioning strat egies.

MF PF DMP | HDMP | DMP-FR | HDMP-FR
Normalized Cut Size | 1.00 0.79 0.78 0.73 0.83 0.80
RUR Deviation | 1.6% | 61% 24% 19% 4.6% 4.0%
Normalized Run Time | 1.0 0.6 1.3 1.7 1.3 1.7

To assess the importance of run-time on solutialityy we measured the time needed for HDMP to
complete 50 runs, then ran all the algorithms Fat tfixed time period. The extra time produced no
significant improvement for the faster algorithrimsmany partitioning scenarios, a moderate incréase
run time is worthwhile if it provides significanimprovements in cut size or resource utilization.
However, if time budgets are tightly constrainedghs as for a rapid design exploration process, then

algorithm speed might motivate the use of DMP d¢¥BMP.

4.10.7.Comparison of Pareto Optimality

The tradeoffs between cut size and RUR deviatioenvperforming multivariate optimization are

0.70
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Figure 15. Pareto comparison of cut size vs. RUR dation for all KLFM-based partitioners.
Positions lower and further left on the chart represent better results.

highlighted in Figure 15, which highlights the Rareoptimality of our experimental algorithms.
Compared to partitioning algorithms that use stpgicsonality assignment, the dynamic algorithmeroff
significant advantages. DMP and HDMP are strictftér than PF, providing marginally lower cut sizes
and 70% lower RUR deviation. Although MF still aetés the lowest RUR deviation of any algorithm,

DMP-FR and HDMP-FR are only slightly higher whils@achieving up to a 20% lower cut size.
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4.11. Performance Consistency of KLFM Algorithms

In addition to considering the mean performancehef KLFM algorithms across a set of diverse

benchmarks, it is also interesting to examine tHative variability of their performance on indivial

-60%  -40%  -20% 0% 20%  40%  60%  80%  100%  120%
————————————————————————— oo oo 140%

Cut Size Difference vs Average

eMF @PF ©DMP @HDMP ODMP-FR OHDMP-FR

Figure 16. Performance consistency of the multi-pspnality KLFM algorithms. Each point represents a
single benchmark and the algorithm's relative perfomance (in terms of RUR deviation and cut size)
relative to the average result of all algorithms orthat benchmark. For both performance metrics, lowe

(more negative) values are better.

benchmarks. For instance, if an algorithm consikteyerforms well relative to other algorithms nitay
be appropriate for an end user CAD flow to use ahbt algorithm for all input circuits. On the othe
hand, if an algorithm performs very well for sormputs and very poorly for others, it may be more
appropriate to use multiple algorithms and seleetttest result.

In Figure 16 we demonstrate the performance of edgbrithm, as measured relative to the mean
performance of all of the algorithms, plotted firad the benchmarks. Lower values are better fathb
RUR deviation and cut size, therefore a data patrd negative percentage indicates that the ahgorit

out-performed the average for that benchmark. Tdrusalgorithm that consistently outperformed the
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others in both performance metrics would have mbds points in the lower left quadrant of the gina
From this data we observe that HDMP and HDMP-FRilthe greatest consistency in performance,
being near or better than the average in bothizeted RUR deviation for almost all of the benchma

In contrast, MF and PF both demonstrate consistenoye metric and a high degree of variabilityhie
other. MF for example, outperforms the RUR deviataverage on every benchmark, but its cut size
results vary from being even with the average iadeore than twice as high. Therefore, it is phipa

not appropriate to use MF as the sole partitiomilggrithm in a CAD flow.

4.12. Contributions

Our work is the first to introduce and formally ohef a novel graph partitioning problem — multi-
personality partitioning. Multi-personality parttiing allows us to model key properties of flexible
resource heterogeneous devices, such as modern &;Ri&A are not addressed in previously existing
partitioning problems. We describe the new chakllend controlling the ratio of resource utilization
within a partition and argue for a new resourcdization-based quality metric for partitioning
heterogeneous systems with malleable personalitieesponse to the new multi-personality partitign
problem, we provide the first optimal and heuridtased algorithms for multi-personality partitiogin
including the first formulation as an integer pragiming optimization problem, and demonstrate how to
modify the widely used KLFM partitioning algorithfi61] to support multiple logic personalities. We
show that custom heuristics like KLFM can offerrsfigant performance advantages over generalized
heuristics like ILP branch-and-bound, particulay/problem size increases. We experimentally ei&lua
several different algorithms for multi-personalitgrtitioning, and demonstrate that dynamic, per#yna
aware algorithms can achieve an average of 27%owepnent in partition cut size or a 57% decrease in
deviation from partition resource utilization tatgewhen compared to algorithms that perform
partitioning and personality assignment separaWky.demonstrate that integration of resource atilin
heuristics into the cost function of KLFM as a nudtiate optimization problem produces new poirfts o

Pareto optimality when compared to solely cut &iaeed heuristics [98] .
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5. Information-Aware Partitioning

In this chapter, we discuss information-aware parting a new paradigm for circuit partitioning tha
leverages concepts from information theory in otdeminimize the amount of information transmitted
between partitions rather than the number of winas span partitions.

After presenting a motivation for this work in Seat5.1, we provide an overview of work related to
this area in Section 5.2 and a conceptual intrédidib the application of concepts from information
theory to digital circuits in Section 5.3. To iltutate the benefits of information-aware partitiapinve
begin in Section 5.4, where we perform a proofafaept analysis based on the firmware we designed
for the CMS Regional Calorimeter Trigger. LaterSactions 5.5 and 5.6, we introduce a broaderfset o
benchmarks circuits and associated data sets thatilwuse to evaluate information-aware partitiami
and present entropy-based partitioning resultstliese benchmarks. In Section 5.7, we discuss the
challenges of gathering entropy data for large emhplex designs, introduce several techniques for
measuring and estimating the entropy of signalsiwitircuits and compare their efficacy, cost, and
design impact. Finally, in Section 5.8 we examinea of the practical challenges of exploiting low
entropy partitions in the design of the CML LeveMigger Emulator, a system for validating soméhef

high energy physics systems described in this deatim
5.1. Motivation

Traditionally, circuit partitioning algorithms - d¢iuding the multi-personality partitioning algorith
we described in Chapter 4 — have tried to optintfiedr partitioning solutions by reducing the numbér
wires that cross between partitions. Minimizing thee cut size makes sense when the partitions
represent chips that are connected using a langdeuof parallel I/O pins; reducing the wire cutesin
that context may simplify board-level routing ociiease performance if pins are time-multiplexed.]10
However, as data rates and inter-partition comnaiitio have increased, multi-chip designs are

increasingly moving away from using a large nhumbieslow parallel /O connections and instead are
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using a smaller number of high-speed serial I/Onections [9]. This is also true for the CMS Reglona
Calorimeter we described in Chapter 3, which useRiigigabit fiber optic links connected to FPGAs
[50]. Instead of routing inter-partition signalsavinany parallel wires, these signals are buffemed f
transmission, serialized, sent across the highesfieks (sometimes using shared networks), and then
buffered and de-serialized on the receiving endhlithis context, the cost of communication may be
viewed in terms of factors such as the bandwidtiuired by the serial link, the total transmissiong,
and the injection rate into the network. Reducimg amount of data that must be transmitted carncesdu
transmission time (potentially improving performahor allow us to use lower-bandwidth networks that
are simpler, cheaper, and more reliable. For ingtalBM's recent Twinstar logic emulator, which sise
serial communication between FPGAs, observed up %X improvement in emulation speed based on
reducing cut size [102].

Although there is some relationship between thebmmof signals that span between partitions and
the amount of data that is transmitted, these osetire not interchangeable. In particular, indigdu
signals may have different entropy — a measurd®famount of information they carry — based on the
structure of the circuit and the type of data iqasses. In particular, if we produce partitionthviow
entropy, it may be possible to compress the cuingatmation to reduce the amount of data that rbest
transmitted. That is, if we treat the current valoéall of the signals in the cut set as a datdhsg must
be transmitted to the other partition (we will refe this data set as a 'frame'), then we may I tab
compress the frame prior to transmitting it andodejeress the frame after it has been received iardod
decrease transmission time and/or the required conwation bandwidth. Because some popular stream
compression methods (e.g. Huffman coding [103] arithmetic coding [104]) have compression ratios
that are based on entropy, reducing the entropyhef frames may improve the opportunity for
compression.

Entropy-based signal coding has been successfailyloyed in many application-specific systems
[105] [106] [107], including high energy physics0H]. However, identifying such opportunities during

the design process, and partitioning a design iafficient way to take advantage of those oppotiesi



86

can pose a significant challenge. To understangnoat or redundancy in application-specific date, t
circuit designer must possess expert knowledgberapplication domain. Even then, it may be difficu
to exploit this knowledge when using design autéonatechniques such as high-level synthesis [109].
In this chapter, we investigate automated algortHfor minimizing information cut sizes in large
circuits, in order to create opportunities for eptr-based optimization. We will discuss further
motivation for entropy-based partitioning that waspired by our work on the design of the CMS
Regional Calorimeter Trigger in Section 5.4, bustfiwe will introduced related work in this areadan

discuss of the fundamentals of information thearyt applies to digital circuits.

5.2. Related Work

Information-aware Partitioning combines the consepé developed in our earlier graph partitioning
work with research related to Information Theoryd dts applications to circuit design. A wealth of
research has focused on various optimization metfardpartitioning based on wire cut size, as dised
previously in Section 4.4. For an introduction b tconcept of information entropy that will be used
throughout this chapter, refer back to our intrditurcto information theoretical concepts in Secth.

A component of our research focuses on the digioibwf entropy in wires within a circuit. Landauer
was among the first to adapt theories about entfmpguction and stability originally developed by
Prigogine and Glansdorff for the statistical medbamomain [110] [111] and show that they could be
applied to the domain of electrical circuits [11Zhis also built on Landauer's own earlier work in
establishing a relationship between logically reie computations in digital circuits and revelsib
reactions in thermodynamics [113]. Macii and Poadilefined a formalized method for computing the
entropy of signals in combinational logic definedtlae RTL level using arithmetic decision diagrams
[114]. We will implement an analogous entropy comagion method as part of our Structural Entropy
Estimation method in Section 5.7.2. Cheng and Agfdound a relationship between the complexity and
logic depth of Boolean functions (a concept thdgmed to as "Computational Work") and the entropy

their outputs for randomly-generated multi-outpunidtions [115]. They also demonstrated that assigni
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specific values for "Don't Care" inputs to a funaticould reduce the entropy of its outputs. We mae
of this in our work when computing entropy valuesur circuits.

In part, our analysis will focus on the opporturfity designs to exploit low entropy in inter-pddit
signals to optimize inter-partition communicatid@esigners commonly use domain-specific knowledge
about data entropy to include entropy-based dataposssion when creating accelerators for high-
throughput computing. For instance, Microsoft's apatt leverages the frequency of search terms in
website scoring [116] and CMS's RCT takes advantdédbe low probability of concurrent high-energy
collisions in particle triggering [46].

Compression methods have also been proposed fomuanivating between logic partitions on the
same chip with on-chip serial buses; Morganshteopgsed a compression scheme for serial links that
takes advantage of leading zero suppression [Th&se compression methods currently rely on circuit
designers to manually identify signals they believl have low entropy based on their domain
knowledge and manually partition the circuits tsume that inter-partition signals are compressible.
Deployment of automated partitioning that takesamtizge of entropy-based compression in application-
specific circuit design is limited by two importafatctors. First, in order to achieve good compm@ssi
ratios in entropy-based coding schemes such asrdnfftoding or arithmetic coding, it is necessary to
know the symbol probabilities (the likelihood trdifferent data values will occur) [104]. Although,s
possible to update the probabilities dynamicalig]Jl choosing a low-entropy partition requiepriori
knowledge of the relative entropies of the wireghia circuit. Second, once we have entropy infolonat
we need partitioning algorithms that can minimike tompressed information size between partitions.
We propose solutions for both of these problenthiswork.

Although we use compression as a motivating exantpbre are other optimization approaches for
inter-partition communication that can also takevaadage of low-entropy signals. Rather than
compressing a low entropy signal, we can injeabrecorrecting codes for more reliable transmission
[119]. Benini noted that spatial locality in memomaffic creates predictable data relationships on

processor address buses, and that coding schenigls retiuced bit transitions for such patterns could
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reduce power dissipation [120]. Yang observed gwhe data words occurred more frequently on
processors' parallel data buses and could simiterlgoded to reduce transitions [121]. Lee adathiese
schemes for transmission on high-speed, on-chipl $rses [122] based on bit transitions.

Some potential applications of content-aware signahipulation in circuits have previously been
limited by the potential increase in latency thaghm be introduced. Traditionally, circuit partitie
communicated primarily through a large number ohftel links, where the latency of transmitting c
set frame was only limited by the parallel /O npléxing ratio [123]. This latency could be as law a
single cycle. Recently, inter-partition 1/O is tsitioning from the use of large parallel buses taltin
gigabit serial transceivers (see Section 2.4). Traisd is particularly prominent on FPGAs, wherghhi
speed serial links have seen a 20X increase ihgdetil bandwidth from 2007 to 2013 [124] [125}da
are becoming a much more attractive option foringuinter-chip signals as the cost and complexity o
increasing the number of parallel links becomesipitive [56]. Serial communication necessitates an
increase in latency, due to the requirement th# daust be serialized and de-serialized. Additional
latency overhead is introduced for synchronizagind line coding, resulting in minimum latenciesLof
cycles on both the transmitting and receiving sifdescurrent implementations on FPGAs [126]. This
added latency provides an opportunity to hide & of additional signal processing operations,ctvhi
might otherwise negatively impact performance whasing parallel 1/Os.

Other researchers have proposed using entropyeirtithuit design process for reasons other than
optimizing communication. Hwang and Wu developedeatropy-based approach for high-level power
estimation of combinational logic based on Booldéamnctions [127]. Marculescu similarly developed
entropy-based models for power [128] and energ®][£2timation at the circuit RTL level. Marculescu
also considered the impact that highly-correlatgalii streams have on power consumption, and studied
the problem of conditional dependence between Egnaa circuit when estimating entropy [130]. We
will revisit this problem when we discuss our amtees for entropy estimation in Section 5.7. Agarwa
proposed a relationship between entropy and tHewltfy of digital fault testing, based on the cept

that the change in entropy from inputs to outpsi® ineasure of the complexity of a circuit [131].
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5.3. Entropy in Digital Logic Circuits

Within the field of information theory, the amouat information in a signal is quantified as its
entropy (see Section 2.5 for more background disonn the concept of entropy for digital signais;
will expand on how entropy is applied to digitafjio circuits in this section). There are many difa
ways to compute entropy for digital signals. Whennrefer to entropy in this chapter, we will speaxifly
refer to Shannon Entropy, which is computed basethe probability that a signal will take each f i
possible values (also referred to as 'symbols% Mlaximum entropy of 1 bit per wire occurs when all
possible symbols are equally likely. In other worsmaximum entropy, the wire width and entropyof
signal are equal.

In this research, we develop partitioning methddd tise entropy information to optimize the amount
of information that must be transferred betweetitans. If all of the signals in the circuit hadamimal
entropy (where the entropy of each wire equalst}, tiis would be no different from traditional
partitioning that minimizes the wire cut size. Téfere, entropy-based partitioning is only of usetif
least some of the internal signals within a cirtwste lower entropy than others. In this sectioa,will

describe several major causes of entropy redufiosignals within circuits.

5.3.1. Low-Entropy Input Data

If the entropy of the internal signals in a circisita measure of the amount of information passing
through the circuit, then intuitively, the entropf/the internal signals may be related to the arhofin
data entering the circuit — that is, the entropyhef inputs. A circuit's inputs may have low entrépr a
variety of reasons. For applications that procegsits coming from sensor data, like our high energy
physics circuits, not all sensors may produce ddtahe same time. For applications that process
multimedia inputs, like audio, video, still imagesr text, low entropy may result from natural
redundancies in the input. Such inputs often ektspatial or temporal correlations. For instanas o

frame of video is often similar to the next—as adgacent pixels within a single frame. Inputs mispa
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not use all of their dynamic range, and some in@lties may be much more common than others;
Shannon famously calculated that English-languagie(tirca 1950) had approximately 50% redundancy

[132].

5.3.2. Non-Reversible Computations

Any logical operation that is irreversible — thaf any operation where it is not possible to comput
the values of the input when given only a desaipbf the operation and the output values - regulés
decrease in entropy [133]. A simple example ofregversible logical operation is a 2-input OR flioit
Given that the output is '0', we can deduce thatiputs were both '0'. However, if the outputliswe
cannot determine the value of the inputs, becaume tare three possible input combinations thalkdcou
result in that output. A simple example of a reimescomputation is the NOT function. Given the
function’s output value, we can always determisdriput. We will discuss a method for computing the
effect of irreversible computations on entropy dateSection 5.7.2 when we discuss entropy estonati
based on a circuit's structure.

There are active research efforts focused on sgizing circuits that primarily use reversible logic
[134] [135] [136], but that work is primarily foced on quantum computing, and is not a focus of
commercial circuit synthesis tools for traditiom@mputing devices. Furthermore, since our goabis t

make use of lower entropy to improve informatiot siae, we focus instead on irreversible logic.

5.3.3. Redundancy / Reduction in Boolean Complexity

When considering larger logic operations within iecudt, there is some evidence that there is a
relationship between the complexity of multi-inguulti-output Boolean functions and the differeiiice
entropy between their inputs and outputs. Cook &hghn hypothesized that the complexity of
synthesizing logical networks could be directlyatet to the entropy of their outputs [137]. Laters
concept was modified to describe a relationshipvben the “computational work” performed by a

Boolean function in terms of the entropy changevbenh its inputs and its outputs and the number of
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logic gates and gate levels in the synthesizeditibased on experimental synthesis of random fonst
[115].

Viewed from the opposite perspective, circuit tfarmsations performed at either the design or logic
synthesis stages may reduce the entropy of a bdgak's internal signals. For instance, logic aigthals
may be replicated in order to decrease criticah§t38], reduce power [139], improve fault toleran
[140], or make the circuit easier to test [141]n@atational redundancy (and the associated reduitio
the entropy of outputs) may also simply result frartack of complete optimization during design and

synthesis.

5.4. Entropy-Based Partitioning in the Regional Caloriméer Trigger

Our work designing the high-luminosity upgrade fbe CMS experiment's Regional Calorimeter
Trigger (RCT) system (see Chapter 3) provided aly @aotivating application for our investigationt@n
partitioning circuits based upon the data carrigdhieir internal signals. One of the important tdrages
we identified in the design of high energy physigstems is the large amount of information thattrbes
shared between chips. Because the physics algaritlawe very high throughput requirements and cannot
fit on a single device, they are partitioned acmosttiple chips. Sharing this information requigetarge
number of multi-gigabit, inter-chip communicatioinks that present significant implementation
challenges [142] [143]. As described in SectionZ.&he RCT system receives inputs from over 4000
sensor regions; however the hadron collisions éekperiment typically only produce around 20 sub-
particles per input data set [5]. Each particletgbuates data to 2-6 sensor regions [42]. From, thiige
can deduce that on average only 1-2% of the inpasars will be contributing meaningful data to the
RCT algorithms. Moreover, the RCT includes compatet to filter noise and quantize data. Based on
this knowledge, one may hypothesize that the ssgwithin the RCT are information-sparse. Specifical
we expect that at any given time, a large nhumbehefsignals in the RCT's datapath will be carrying
values that are equal to or close to zero. Anotfaeyr of viewing this is that each individual sigimlithe

datapath only spends a small fraction of its timiéhwnon-zero values. This can be experimentally
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quantified by simulating the RCT circuit using regentative inputs and calculating the Shannon gytro
of each signal. We synthesized a subsection oRGE for a 15x15 sensor grid on a Virtex-7 FPGA and

simulated the synthesized netlist using input degiaerated by the CMS experiment's physics emulator
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Figure 17. Histogram of the bits of Shannon entropyer wire in a subsection of the RCT, measured dunig

post-synthesis simulation. The line represents theumulative percentage of wires (as labeled on theght
axis) that have_at leasthe amount of entropy indicated on the y axis.

[48]. Since the RCT uses the same algorithms foseaisor regions in the detector barrel, the emtrop
measurements should be representative of theyktiés. A histogram of the entropy per individuatewi
in the circuit is shown in Figure 17.

The entropy measurements confirm the hypothesisitaibe information sparseness of the RCT. A
wire that fully utilizes its information carryingapability would have an entropy of one bit. Lesmnts%
of the wires in the RCT had entropies in the raofy@.9-1.0 bits, half of the wires had entropietoie
0.3 bits per wire, and more than one fifth of tHeew had below 0.1 bits of entropy. When viewingsth
data points purely from a standpoint of informatedficiency, the wires in the RCT appear to be poor
utilized. Given that the RCT's high degree of iobemection and communication costs were one of the
major challenges in the design of the original esystwe were motivated to consider whether we could
leverage the low entropy of RCT's internal signialseduce the amount of intercommunication needed i

the RCT hardware. Ideally, our goal would be to wssource sharing to increase the information
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utilization of each wire while decreasing the numbé wires. Doing so within an individual FPGA
presents significant challenges; the amount ofrinédion on a given wire cannot be predicted at@mgy
time and the resource overheads for internal rgudimd switching of signals could be significant &gto

to negate the savings in reducing the number aéswiin the original datapath. Exploiting entropythe
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Figure 18. Plot of wire cut size versus informatiorcut size in the RCT for 500 runs of a KLFM algoritim
using a traditional wire-minimization objective function.

chip boundaries - that is, the cut sets of ourdqmirtitions — provides a much more attractive ampti
Signals must already be routed and multiplexethechip boundary in order to make use of the FPGA's
high speed serial links, and the buffering and @quewf data necessary for serialization lends the
opportunity to hide the latency overhead of entrbpged coding. Research into entropy-based
compression of physics data using results from THRC trigger used in the NA49 and ALICE
experiments have shown compression factors of 2#&Xpossible using arithmetic and Huffman coding

[144], with a hardware overhead equivalent to 0.@H%he logic resources on a Virtex-7 2000T FPGA
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[145]. Compressing the data transmitted betweetitipas could meaningfully reduce the cost and
complexity of the RCT design.

Thus far, we have only presented data on the entsbfhe signals in the RCT as a whole. Although it
may be tempting to conclude that the presence lafge number of low-entropy signals in the overall
circuit means that our circuit partitions will bandarly low entropy, this is not necessarily thase.
Partitioning algorithms attempt to balance the dogi partitions while minimizing the number of cut
wires, and it is possible that the wires formingiimial cuts tend to have a different entropy disititn
than the overall circuit. Significantly, the majgrof logic operations in the constituent circuare non-
reversible, and Landauer's Principle of computatidghermodynamics dictates that entropy therefore
decreases within a circuit based on logic deptt2][{146] [147]. From this, we might hypothesizettha
lower entropy signals would be located on the penip of a circuit, closer to the outputs.

To better understand the relationship between timartcuts and signal entropy, we partitioned the
RCT circuit using a KLFM-based partitioner (see tiiec4.8). We ran the partitioning algorithm 500
times using random starting points. We then toekethtropy data we collected earlier and assigntd it
the cut sets produced by the partitioning algorithide computed an “information cut size” — the joint
Shannon entropy of the cut set — by summing thiwiahabl wire entropies in the cut set. By summihg t
entropy of individual wires to produce the jointr@py, we are making the simplifying assumptiont tha
each wire in the cut set can be treated as indepeficom one another. This will tend to overestienite
information cut size (refer back to Section 2.5 foore details), but makes the makes the problem
computationally tractable. We plotted the wire sitte (the number of wires in the cut set) versies th
information cut size. This data is given in Figl& We observe a high degree of linearity betwéen t
wire and information cut sizes. There is surprikiritle variation in the entropy per wire betwetre
best and worst results in terms of wire cut sike;gtandard deviation is only 2.3%. The cut sewsha
much lower information cut size than wire cut sizet it is more information-dense than the cirasgta
whole. The average entropy of wires in the cut Be@57 bits per wire — nearly double the 0.3@ pier

wire average in the entire circuit. This suggebtt partitioning using an algorithm with a traditi
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objective function based on wire count consistesdliects wires with above average entropy in th& RC
circuit. It also provokes an interesting questi@uuld an algorithm that favors cutting low-entropy
signals produce a balanced partitioning result veithower information cut size at the expense of
minimizing the raw wire count?

To answer this question, we modified the KLFM'seative function to use the information cut size
rather than wire cut size as the partitioning cé&t. then ran the new algorithm 500 times and coatpar
the 10 best results produced by the algorithm with entropy-based cost function to those produced

using the traditional wire-based cost function. Tésults are shown in Figure 19. Since our metlood f

Wire vs Information Cut Size for RCT
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Figure 19. Wire cut size vs. Information cut sizeri the RCT when using KLFM algorithms with Wire-
based and Entropy-based cost functions.

computing the joint entropy will tend to overestim¢he information cut sizes, these should be viease
conservative results. We see that for the RCT,guainentropy-based cost function during partitigris
able to reduce the information cut size by 20% cameg to the wire-based cost function. Moreover, it
only incurs a 2% overhead in wire cut size. Thfleots a reduction in the average entropy per wirthe

cut sets from 0.57 bits to 0.43 bits. The decreéasentropy may be significant if we wish to perform

optimizations to our inter-partition communicatidfor compression, Shannon's source coding theorem
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[12] allows us to compute an upper bound on thigieffcy of per-symbol lossless compression using

entropy coding if we assume that wire values cartrbated as independent random variables. The

Maximum Compression Factor for
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Figure 20. The maximum lossless compression factachievable for compression using entropy coding
on inter-partition cuts produced by wire-based parttioning and entropy-based partitioning.

maximum possible compression factors for the cuitined from wire-based and entropy-based
partitioning are compared in Figure 20. Entropydohapartitioning allows us to increase the maximum
compression by 40% over wire-based partitioning tled2.2X compression factor over the wire cut size
presents compelling evidence for the value of immglieting compression using entropy coding in the
RCT. We will revisit discussion of the practicadugs of using entropy-based partitioning to impleime
compression for the CMS L1 Trigger Emulator in 88t6.8.
We have established that information-based pantit@mp is worthwhile for partitioning thect circuit.

In the remainder of this chapter, we will demortstrinat information-based partitioning can be agupli
more broadly to a diverse set of large-scale hgtreous circuits and show that it provides tangible

benefits in real applications.
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5.5. Benchmarks for Information Partitioning

In order to determine the information cut size dfirguit, it is necessary to be able to observeieal
changes over time for all of the signals in a dird/e will examine options for relaxing this coraht
through estimation techniques later in Section Bdiyever, exact measurements of signal entropy will
still be needed to evaluate the accuracy of estimatWe gather this data by synthesizing HDL
descriptions of our benchmark circuits and perfogrniycle-accurate simulation of the resulting segli
This simulation processes introduces several additi requirements for our benchmark circuits
compared to those used in creating the benchmaalahg in our Multi-Personality Partitioning researc
described in Section 4.5:

» HDL circuit descriptions must be available forla#inchmarks.

« Benchmarks must be synthesizable and functionalfifiable in post-synthesis simulation.

« Input data sets must be available that accuraggsesent the input data that would be used in
normal use of the circuit.

Like the MPP benchmarks discussed in Section 4é5,also favored using large circuits that are
publicly available. However, because this resealmbs not focus on personality mapping, we did not
require that the circuits be capable of using rpldttypes of resources on FPGAs. Because of the new
constraints on our benchmarks, only three of thelwmarks used in our MPP research (jet, isolatiod,
rct — circuits developed as part of the high-enepipysics research described in Chapter 3) were
appropriate for use in this research. We were alsable to directly use other pre-existing circuit
benchmark suites created for CAD research suchRR M48], ISPD [149] [150] [151], DAC [152],
RAW [101], or Titan [153] as they do not includein data with their benchmarks. Moreover, theyrofte
do not contain any functional documentation of tiweuits, making it difficult even to construct a
representative input data set. In general, we w@bsénat previous CAD research in partitioning,
floorplanning, placement, and routing has rarelpsidered optimizations based on signal content and

this is reflected in the difficulty in accuratelimailating the available benchmarks. Research withén
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field of automated testing requires circuit simiglat producing benchmark suites such as ACM/SIGDA
[154], ITC [155], and FITTest [156], but these ssitare targeted at minimizing input patterns fdecte
coverage rather than inputs representative ofwedt use.

Lacking a suitable existing benchmark suite, we mited our own set of benchmark circuits, using
circuits from other suites and publicly-availablecait designs. In some cases, we modified theuitsdo
make them synthesizable, created simulation tegiréis for them, and compiled input data sets. The

benchmarks and their associated data sets araldmbir the following section.

5.5.1. Benchmarks and Data Sets

The benchmark set used for our Information-AwargifRming experiments is summarized in Table
VIII; detailed descriptions of each benchmark falldrhe resource costs for each benchmark (in LUTs
and flip flops) are based on synthesis for thenXilVirtex-7 FPGA using the Vivado 2014 synthesis
engine.

Table VIII. Summary of benchmark circuits used in Information-Aware Partitioning.

Name LUTs Flip Flops | Description
adpcm_de 195 58 | Audio Decodin
adpcm_er 303 85 | Audio Encodin
bitcoinl 57,92¢ 55,90¢ | Cryptocurrenc
bitcoin4 36,93¢ 26,08¢ | Cryptocurrenc
gsm_switcl| X X | Networking

isolatior 4,25] 28€ | High-Energy Physic
jet 19,24¢ 7,74% | High-Energy Physic
mkjpec 42,73 3,774 | Image Encodin
orsoc_gf 40,98t 48,99 | 3D Graphics Renderi
rct 33,07¢ 29,70z | High-Energy Physic
stereo_visio 21,56: 16,657 | 3D Vision

sudokt 14,53¢ 5,851 | Artificial Intelligence
warg 4,551 3,58¢ | 3D Texturing

adpcm_dec, adpcm_enc
An audio-processing circuit that performs encodiegbding of audio files encoded using Adaptive

Differential Pulse Code Modulation (ADPCM) basedtba circuit implementation by Moti Litochevski
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available from OpenCores [157]. The input data isetudes nine public domain classical music

recordings from OnClassical [158].

bitcoin1, bitcoin4

An open-source circuit implementation [159] for mugp Bitcoin [160], a popular cryptocurrency
[161], that is targeted at the Altera and Xilinx G& platforms. The algorithm relies on repeated
computations of secure hash codes based on the 258Aalgorithm. The implementation can be
customized, and we use two different configuratidoitcoinl uses a fully-unrolled hashing circuit
whereashitcoin4 reuses some logic and thus requires 1/4 as mustiingalogic as bitcoin4. The bitcoin
circuits only require a 256-bit seed value as inpwe¢ use the default seed provided in the included

testbench.

gsm_switch

A high-radix, 10-gigabit on-chip networking fabifiar routing and switching of GSM [162] packets
for mobile communications included with the TitanB8nchmark suite [153]. We simulate the circuit
using a synthetically-generated traffic patternsistmg of 10 million packet transmissions basedhn

traffic generator included with the benchmark.

isolation

A high-energy physics circuit used to determine tivbeenergy deposits associated with reconstructed
electromagnetic or tau particles are positionadlgldted from other particles produced by a hadron
collision under high pile-up conditions [43]. Deségl for the high-luminosity upgrade of the Large
Hadron Collider particle accelerator. The inputadsét consists of 10,000 test patterns producetidoy

CMS SLHC Calorimeter Trigger emulator [48].
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jet
A high-energy physics circuit used to reconstruattiaparticle jets and assign particles to jeteider

to create energy maxima. Designed for the high+hasity upgrade of the Large Hadron Collider. Uses

the same input data set as igmlation benchmark.

mkjpeg

An open source circuit for encoding and maniputatifigital images in the JPEG format [163]
implemented by Michal Krepa and available from Operes [164]. The input data set consisted of the
top 50 photographs available from photo-sharing sitebFlickr [165] on December 15th, 2014. The

images were converted to the bitmap format witbsmlution of 640x480 pixels and a 24-bit color tiept

orsoc_gfx

An open-source graphics core included as part okmibedded system-on-chip design from the
OpenRISC project [166] and targeted at FPGAs. Weths included GFXBench validation benchmark

as our input data set.

rct

A high-energy physics circuit implementing the higminosity Regional Calorimeter Trigger, as

described in Chapter 3. We use the same inputsdaiae as ifsolationandjet.

stereo_vision
An open-source 3D vision compositing, rectificationrrespondence, and post-processing framework
designed for FPGAs by Dan Strother [167]. The imgata set consists of 30 images and disparity maps

from the Middlebury Stereo 2005 & 2006 Datasetsstereo vision research [168] [169] [170].

sudoku

An open-source circuit for solving puzzles from tjeme Sudoku, designed for FPGAs by Altera

[171]. The input data set consists of the first®P0zzles from the included puzzle bank.
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warp

An open-source circuit for mapping textures in amdia visualizer designed by Sebastien
Bourdeauducq and available from OpenCores [172}. ifput data set consists of the same images used

with mkjpeg

5.6. Entropy-Aware Partitioning Results for All Benchmarks

Using the benchmarks described in the previousasgove will evaluate whether the initial results
gathered for thect circuit when developing our entropy-aware partitignprocess are representative of
what can be achieved with a broader sample of its.cWe are also interested in trying to obtairight
into what features of a circuit may lead it to fgimey from entropy-aware partitioning over wire <l
partitioning algorithms.
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Figure 21. Absolute wire cut sizes using wire-baseghd entropy-based partitioning.

5.6.1. Wire Cut Size Results

We begin by examining how both algorithms perforimew considering the traditional wire cut size.

Intuitively, we would expect the wire-based aldwomit to perform better in terms of wire cut sizeflest
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is its optimization goal. Ideally, an entropy-basggorithm would still perform well in wire cut &z as
this would allow a single algorithm to be usedhe CAD flow without needing to consider in advance
whether the circuit will use entropy coding oniitger-partition communication. Absolute wire cutes

and normalized wire cut sizes are shown in Figdrarid Figure 22.
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Figure 22. Normalized wire cut sizes using wire-b&sl and entropy-based partitioning.

From the absolute cut sizes, we see that most efbénchmarks have very high amounts of
interconnection, with onladpcmhaving a cut size less than 1000 wires, and twbethree high-energy
physics benchmarkget andrct) are among the benchmarks with the most inteiitjpartconnections. We
showed previously thatt showed a negligible overhead in wire cut size whging the entropy-based
partitioning cost function. This observation does, inowever, hold true across all benchmarks. Algfo
adpcm_enghitcoinl, bitcoin4, andsudokualso show little increase in wire cut size, thergetric mean
of all benchmark results is 50% higher for the @myrbased algorithm compared to the wire-based
algorithm. A few benchmarkg$m_switchjet, andstereo_visiohexhibit very high wire cut sizes when

using entropy-based partitioning — 3X the resultaoied with wire-based partitioning. Later in our
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results when we further examine the type of wireduided in their cuts we will gain greater insightb

why some benchmarks exhibit such significant diffexe in wire cut size.

5.6.2. Information Cut Size Results

Next, we consider the difference in information @ites, which served as our motivation for
investigating entropy-based patrtitioning. The aboland normalized information cut size results are

given in Figure 23 and Figure 24.
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Figure 23. Absolute information cut sizes for wirebased and entropy-based partitioning.

rct exhibited good opportunities for compression im imitial experiments in Section 5.4; it also has
one of the highest information cut sizes amonghbmimchmarks. This suggests that there are everegreat
opportunities for entropy coding in some of ouresttbenchmarks; we gquantitatively evaluate this in
Section 5.6.4. The other high information cut sizeme from oumbitcoin benchmarks. We will discuss
the reason for this further when we examine therinftion density of the wires in the benchmark

circuits.
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The normalized results demonstrate that the thesehmarks which performed poorly in terms of
their wire cut size when using the entropy-awamgo@dihm @sm_switchjet, and stereo_visioh are
among the benchmarks that show the greatest adjamaerms of the information cut size that can be

obtained with the entropy-aware algorithm. Fronsthie may deduce that these circuits have a large

Normalized Information Cut Size
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Figure 24. Normalized information cut sizes for wie-based and entropy-based partitioning.

number of very low-entropy signals included in thmits. They also demonstrate cases where wiretriv
and entropy-driven partitioning diverge the furthdhe two approaches produce significantly diffiere
cuts and that the quality of these cuts varies dtaally depending on whether entropy coding wél b
used on the inter-partition communication. Some cherarks, like sudoku and adpcm_enc show
relatively little difference in their informationut size.sudokualso showed negligible difference in its
wire cut size. One possible explanation for vaduglokumay see no difference in both information and
wire cut sizes from the two algorithms is that éyrhave high information density, where signalsehav
close to one bit of entropy per wire, which wouldka the wire-based and entropy-based cost functions

identical. We will experimentally explore this pilskty later in our results.
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Overall, the geometric mean of our normalized imfation cut size results shows that the entropy-
aware algorithm is capable of producing cuts tlvattain 45% less information than those produced by

traditional partitioning algorithms.

5.6.3. Information Density Results

In our previous discussion of wire and informatiom sizes, we speculated about the impact of
information density - that is, the average numifénits of entropy per wire in the circuit — on thedative
performance of the wire-based and entropy-basedtitipaing algorithms. We thus compared the
partitioning results from both algorithms, and canga the average number of entropy bits per wire in

each cut set. The absolute and normalized dateisrsin Figure 25 and Figure 26.

Information Per Wire in Cut
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Figure 25. Information, in terms of bits of ShannonEntropy per wire for wire-based and entropy-based
partitioning.

The information density results confirm several adr earlier hypotheses. The twhitcoin

benchmarks, which exhibited high information caesi are indeed among the most information-dense in
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our benchmark set, averaging between 0.8 and G®bentropy per wire, where the maximum possible
is 1 bit per wire. There is also relatively litdd@ference in information density in the cuts prodd by the
wire-based and entropy-based algorithms for theseits, suggesting that the circuits contain few-

entropy wires available in the circuit. Considerithgit there are several factors that reduce entiopy

Normalized Information Per Wire in Cut
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Figure 26. Normalized information, in terms of bits of Shannon Entropy per wire for wire-based and
entropy-based partitioning.

circuits (as described in Section 5.3), one maydeonvhat properties dfitcoin contribute to its unusual
information density. One key is the type of logfieaations performed in the circuit. Much of theitoig
the bitcoin circuits is used to perform SHA-256 secure hashad, SHA-256 relies on logical shift,
rotation, and XOR operations, which do not redumeibformation density of their outputs [173]. Also
unlike most of the other benchmarkécoin also does not take an input data set and instdi&s 1on a
single seed value. Therefore information densityncé be affected by low entropy inputs.

The benchmarks that showed the greatest improvemnentformation cut size when using the
entropy-aware algorithm, such asm_switch jet, orsoc_gfx and stereo_vision exhibit very low

information densityjet is another high-energy physics circuit (see Sac8@.2) that shares properties
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with rct — low-entropy inputs and lots of filtering opemats. gsm_switchis a 2-dimensional mesh
networking circuit. From inspection of its individlusignal entropies, the low density gém_switch
comes from a combination of lack of full link utiéition at any given time (full network utilizatios
generally not practical [174]), commonly repeatiett in packets (such as the source addressh@md
uniform routing (higher utilization in the centeffthe mesh than the periphergiereo_visiorgenerates
3D images by comparing two images from slightlyfediént perspectives. Since these two images are
largely similar, it is not surprising to see someoant of data redundancy.

orsoc_gfxdeserves special notice, as it highlights ondeflimitations of entropy-based partitioning:
the partitioner relies on the entropy data gathdirexh simulation to be representative of what voidi
encountered in actual use. This is why the majarity benchmarks use multiple real-world data sets t
characterize their entropgrsoc_gfxis one of the few benchmarks we evaluated withiralp synthetic
input data set — one that was used for hardwareecimiess validation. This validation test was not
necessarily designed to replicate conditions of imam logic utilization, so although the partition
generated foorsoc_gfxmay be efficient when running such tests (i.¢héf circuit is used as an emulator
to validate the design), but may not be for otresr cases.

Finally, we consider the differences between berarhmthat were intentionally chosen to be similar.
Both adpcm_de@andadpcm_enenanipulate digital audio signals however the loiméormation density
in adpcm_deceflects the fact that it operates on decompredsdal bitcoinl and bitcoin4 perform the
same task, bubitcoinl uses more hardware duplication, wherbisoin4 reuses the same logic for
multiple cycles per computation. As one might expéloe duplicated logic shows a slightly lower

information density.

5.6.4. Maximum Theoretical Compression Factors
In this section we examine compression with entropging as a straightforward motivating example
for the possible benefits of partitioning with laowiaformation cut sizes. We will consider the mawim

effective compression possible for each benchmallere the "effective compression” refers to therat
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between the smallest possible wire cut size (a€ekidy either algorithm) to the information cut sizd
each algorithm. This provides a fairer measure ahpmressibility because it avoids inflating the
compression ratio for benchmarks that had poor wiresizes for the entropy-based algorithm. The
absolute and normalized effective compression gatioe presented in Figure 27 and Figure 28
respectively. Because a few benchmarks have vegly tompression ratios, we also provide zoomed in

versions of these data in Figure 29 and Figure 30.
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Figure 27. Absolute maximum effective compression attors for wire-based and entropy-based
partitioning.

The absolute compression figures show that seberathmarks have inter-partition cuts that could be
compressed very effectivelgsm_switchjet, andorsoc_gfxhave maximum compression ratios greater
than 20X when using the cuts produced by the emtagyare algorithm. This follows from the very low
information density in the cuts we saw for thesendbenarks in Section 5.6.3. Conversely, the
benchmarks with information-dense cutadpcm_engbitcoinl, andbitcoin4 — are not likely to benefit
from compression. They only show a theoretical maxn reduction in data size of around 5-10% when

using compression, regardless of the partitioniggrahm employed. It is worthwhile to note that mya
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benchmarks can significantly benefit from compr@sgven without using an entropy-driven partiti@nin

algorithm, though there is more potential benefdi@ble when entropy-driven partitioning is used.
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Figure 28. Normalized maximum effective compressionfactor for wire-based and entropy-based
partitioning.

The normalized values allow us to compare the Wwagsed and entropy-based algorithms more
directly. We again see the benchmarks that exhilitbte greatest difference in information cut dgnsit
benefit the most from entropy-based partitionimgolir preliminary study of thet benchmark, we saw a
20% improvement in compression ratios. For ourrentienchmark suite, entropy-based partitioning

outperforms wire-based partitioning by a much lag#% margin.

5.6.5. Discussion

In considering whether entropy-based partitiongmgvorthwhile, we can separate our analysis to two
guestions: First, is there enough of a differenesvben the wire cut size and the information co &n
large, application specific circuits to make it Wvhile to employ some entropy-based optimizatian o

the cut set?
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Our results have shown that even without using atropy-driven partitioning scheme, the
information cut size of the partitioning solutiopduced by our traditional algorithm is half theesof
its wire cut size. When considering compressiomgigin entropy coding scheme, we saw an average

maximum compression factor of 2X across our bencksnasing wire-based partitioning. Given the
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Figure 29. Absolute maximum effective compressionattors for wire-based and entropy-based
partitioning. The chart scale is zoomed in to illugate scale of smaller values.

transition to the use of high-speed serial datanections between partitions, where communicatiagtsco
are based on the required bandwidth rather thamuiheber of wires and where serialization processes
can be used to hide compression latency, therecieaa motivation to take advantage entropy-based
optimization for applications where decreasing sraission time or network bandwidth are important.
Such applications include the high energy physystesns we have used as motivation throughout this
research. Beyond compression, there may also bertoiities for useful applications in areas such as

fault tolerance and testability.
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Given that we have identified the advantages daérigging information cut sizes in our partitions th

second key question is whether an entropy-awatéipaing algorithm can produce information cutesz

that are significantly smaller than those produgeihg the wire-based partitioning method. Our rssul
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Figure 30. Normalized maximum effective compressiorfactor for wire-based and entropy-based
partitioning. The chart scale is zoomed in to illugate scale of smaller values.

show that an entropy-driven algorithm can produderimation cut sizes that are more than 40% smaller
than traditional algorithms on average and as nasc80% smaller in 3 of the 13 benchmark circuits we
used in our evaluations. From an applications staimd, this could result in a compression factat tis
80% higher than what was achieved using wire-bpsaeiitioning.

Entropy-based partitioning provides greater opputies for optimization in a bandwidth-centric
partitioning model. However, using entropy-basedtifianing requires us to possess additional

information about the characteristics of the cirstdehavior, as we will discuss in the next sectio
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5.7. Methods for Collecting Entropy Data in Circuits

In order to use the entropy-based partitioning rétigmn we developed earlier in this chapter, we need
to know the entropy of the internal signals of tireuit prior to partitioning it. For our partitiémg results
from Section 5.6, we collected this data by syrittieg the circuit then simulating the post-syntlsesi
netlist using a representative input data set. &hee, however, limitations to this approach fahgeng
entropy data. Post-synthesis simulation can bereskpe for large circuits. The simulation processyma
consume a large amount of CPU time, and recordiegyevalue change on all signals in the circuit can
produce a large amount of data. For instance, catelpl simulating the 3D conversion process for just
the first image in the dataset used for #itereo_visiorbenchmark required approximately 2 hours of
CPU time and 18 hours of wall clock time on a 2MzGuad-core Intel i5 test system. It also produced
36.2 GB of value change data fatereo_visiols 30,000 internal post-synthesis signals. Given the
stereo_visiondataset contains 30 input images, both the cortipntdime and the data size are not
insignificant. This is particularly true if we watd make entropy-based partitioning feasible fo as
part of a rapid design exploration process.

In Section 5.3, we described the role of a cirsddyic topology and the entropy present in itauinp
data set in influencing the entropy of the cirsuitternal signals. In this section, we will exgdhe ideas
for using information about the circuit's structared inputs to compute entropy estimates for trauitis

internal signals in a more computationally effi¢gieranor than by performing post-synthesis simutatio

5.7.1. Evaluating Entropy Estimation Methods

The goal of creating different entropy gatheringthmes is to reduce the time it takes to collect
entropy data we need for partitioning. However, mitteese methods include estimation, we must also
determine the accuracy of the data. As we exaniffereht entropy estimation methods, we will quinti
their accuracy by computing the absolute differenuetween the calculated entropy for each signal in

given benchmark circuit and the actual entropynasasured using full post-synthesis simulation with
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representative input sets. Although this comparaibows us to gauge the accuracy of each estimation
approach, we are also interested in the practiggli¢ations the variations in accuracy have onréseilts
we can achieve using entropy-based partitioningréfore, we also compare the information cut size o
the partitions produced by the entropy-based algorivhen using the different entropy data sourtes.
do this, we take top 10 partitioning results froactlke and then compute the true information cutssize
produced using estimated data by applying theg¢ntopy values.

For our experiments, we use the benchmarks and s#tadescribed in Section 5.5.1, with the
exception of excluding thgsm_switchbenchmark because its circuit design uses prapyidtlack-box
logic created using the Xilinx Core Generator [1#%t is not compatible with all of our estimation

techniques.

5.7.2. Structural Estimation

Structural estimation is a method of estimatingnaigentropies based purely on the logic structtdire o
the circuit. To accomplish this, the circuit is degosed into a directed graph of Boolean logic tions.
Recalling that the Shannon entropy of a signabised on the probabilities of each possible datdbeym
(0 or 1 for a single-bit Boolean variable), to car® the entropy, we must obtain the symbol

probabilities. If we possess the symbol probabaitdf the inputs to a Boolean equation, we can cbenp

A
B Q

Figure 31. A 2-input OR gate with inputs A & B andoutput Q.

the probability of each output symbol by computthg probability of each possible input combination
and then summing the probabilities for the inpunbmations that produced each output symbol. We can
illustrate this with a simple example. Consider @R gate pictured in Figure 31. Symbolically, R§X)
represent the probability that signal 'X' has ai@adf 1. For this example, let P(A) = 0.5 and P£B).7.

In Table IX, we show the truth table for the OR gahlong with the probability of each input
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combination. If we sum the combinations that predan output value of 1, we see that P(Q) = 0.85 in
our example. This would result in a Shannon entfd.61 bits for the outputs.

Our example assumed that we knew the input symimidgbilities for the Boolean function. These
input probabilities can be computed by recursivaplying the symbol probability computation to each
input until we reach a primary input of the circuitor our purely structural estimation method, we

assume that each input has an entropy of one bwipe. This method is conceptually very similarthat

Table IX. Truth table with probabilities for OR gat e entropy-computation example.

A B Q Probability
0 0 0 0.1¢
0 1 1 0.3t
1 0 1 0.1¢
1 1 1 0.3t

proposed by Macii and Poncino [114]. This methaglinees us to compute the probabilities of eachtinpu
combination, which means that the number of contjmurts scales with "2 where N is the number of
inputs. This might seem problematic; however com@®olean functions can be decomposed into
smaller Boolean operations. Moreover, this prodessready performed by the logic synthesis tool in
order to map logic to gates ASICs or LUTs in theecaf FPGAs. In particular, the Xilinx Virtex FPGAs
used in our tests use 6-input LUTSs in their slimgid [176], so Boolean operations must be decontpose
to operations using 6 or fewer inputs. In practsta ctural entropy computations are very fastnefoe
large circuit designs, as we will see later in @saults.

The computation method described can exactly coenpntropies of combinational logic; however,
most circuits also include synchronous element$ sag flip-flops and memories. We make a few
assumptions when dealing with synchronous logic.flo-flops, we ignore control signals like enable
clear, or preset and simply set the flip-flop'sputitentropy based on its data input entropy. Fagela
memories, it is difficult to determine output syrhippobabilities because they depend not only o dat
inputs, but also on addresses. As such, we dotteshjat to compute entropies for memory outputs and

simply assume an entropy of 1 bit per wire.
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There is one additional important implicit assuraptibeing made in our structural entropy
computation: that inputs can be treated as indep#ndriables. The input probabilities we compufted
the example summarized in Table IX assumed thatatsgA and B could be treated as independent
random variables. However, depending on the functib A and B in the circuit and the logic that

generated them, this may not be the case. Intfaate are clearly some examples of signals inuitir

GT100

GT50

Figure 32. An example circuit that uses two compatars to produce two single-bit outputs (GT100 and
GT50) that have correlated values due to the logiaf the circuit.

which are correlated. Consider the example giveRigure 32 which shows signals generated by two
different comparator circuits. These signals dearty correlated, as GT100 = 1 also implies thabG=

1. Now let us assume that GT100 is signal A of OR gate from Figure 31 and GT50 is signal B.

Knowing the correlation between signals, the neW)Pis 0.7, not 0.85 as previously computed.
Determining whether signals in a circuit are indegent is a difficult problem, particularly when the

circuit inputs may be correlated. Marculescu etaafjue that this problem, which they refer to as
‘conditional signal independence’, is NP-Completelen general assumptions [177]. Therefore, we
continue with the assumption that signals are ieddpnt when making structural entropy estimates, an
assume that signal correlation may be one contniliaterror in our estimations.

To summarize, the structural estimation approachthie significant limitations that may impact the

accuracy of its entropy calculations:
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« It assumes that all primary circuit inputs make oftheir full information carry ability (1 bit
of entropy per wire).
« Entropy computations for synchronous logic outpuieslimited.
« All signals are assumed to be independent.
To evaluate structural entropy estimation, we Wiilst compare its computation cost to that of

gathering entropy information using post-syntheglist simulation. Table X contains the CPU time

Table X. Comparison of CPU time required for entropy gathering using Post-Synthesis Simulation and
Structural Estimation.

Pos-Synthesis Simulatic | Structural Estimatic Speedup fc

CPU Time (s) CPU Time (s) Structural Estimation
adpcm_de 39,30: 0.0¢ 490,000>
adpcm_er 5,37¢ 0.0z 350,000>
bitcoin1 3,88 2.3( 1,700x
bitcoinZ 1,62¢ 1.5C 1,100x
isolatior 3,007 0.1¢ 16,000
jet 17,95: 1.07 17,000
mkjpec 84,50( 0.4z 200,000>
orsoc_gf 2,21( 2.1k 1,000x
rct 1,82¢ 2.0¢ 890X
stereo_visio 201,66( 0.3¢ 560,000
sudokt 21€ 0.4¢ 440X
warg 62¢ 0.1¢ 3,900
geomea 5,44: 0.4< 13,000>

required to perform both entropy measurement vi-pgnthesis simulation and entropy estimationgisin
the structural estimation method. The data showdtnactural estimation is dramatically faster thwst-
synthesis simulation. Structural estimation is &stemely fast in absolute terms, requiring noertbian
2.3 seconds for any given benchmark circuit. This enly indicates that structural estimation can be
scaled up to very large designs, but also suggjestst might be combined with other entropy estiora
methods without incurring much additional cost — aproach we will explore further later in this

section.
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The speedup provided by structural estimation ity eiseful provided that the entropy values it

provides are suitably accurate. To understand toeiracy, we first consider a detailed look at the

Histogram of Entropy Error for RCT using
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Figure 33. Histogram of the error (in bits of entrgy) for all signals in therct circuit when using structural
entropy estimation.

accuracy for individual wires in a single benchmatkhistogram of the estimation error when using
structural estimation on theet circuit is presented in Figure 33. In this figypesitive error values
indicate the entropy of the wire was overestimated negative values indicate the entropy was
underestimated.

In evaluating the data, we are interested bothénabsolute error and in how that error is distedu
Specifically, it is important to determine whethBe estimation error is systematically biased tawar
overestimation or underestimation. If the erroruisbiased - that is, if it were equally likely to
overestimate entropy as it were to underestimate gy for any given wire selected at random - thien
may be possible to model it as random error, andnighit expect the error to be canceled out in wiien
compute the information cut size across the emtire cut set [178]. The estimation error for stowat
estimation has a mean absolute error of 0.65 hits/and a bias of +0.63 bits. Given that the maximu

error is 1 bit, both of these values appear toetstively high. We hypothesize that the fact thaictural
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estimation assumes that primary circuit inputs tredoutputs of synchronous logic have the full tlobi

entropy per wire may be the cause of its bias tdwaerestimation.

The average absolute error for all benchmarks @svehin Figure 34. We see the least error when

Average Absolute Estimation Error per Wire
using Structural Estimation

(=Y
1

Absolute Error (in bits of entropy)

Figure 34. Average absolute estimation error for dlbenchmarks using Structural Estimation.

using structural estimation with thmtcoin benchmarks. This is due in part to the lack outspo the
bitcoin circuit and also due to the fact that thiecoin benchmarks' internal signals had relatively high
information density (see Section 5.6.3). Structestimation assumes high entropy for signals ihoan

calculate, and this causes less error in circhashave high information density.

5.7.3. Input-Based Estimation

One of the major limitations of structural entrogstimation is that it assumes that circuit inputs a
have full entropy. However, as we discussed iniGe&.3, some input data sets possess low enteoyaly,
this may contribute to low entropy within a circ¢siiinternal signals. To compensate for this, Iripased
Estimation computes the input symbol probabilifeasall of the circuit's primary inputs and therplies

structural estimation to determine the entropytiierinternal signals in the circuit.
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We compare the CPU time required for input-basé¢ithation to that of post-synthesis simulation in

Table XI. Input-based estimation is slower thanepurstructural estimation, but it still shows a

Table XI. Comparison of CPU time required for entrgoy gathering using Post-Synthesis Simulation and
Input-Based Estimation.

Pos-Syntesis Simulatio | Input-Based Estimatic Speedup fc

CPU Time (s) CPU Time (s) Input-Based Estimatio
adpcm_de 39,30: 74¢ 53X
adpcm_er 5,37¢ 74€ 7X
bitcoin1 3,88 3.2 1200X
bitcoin4 1,62¢ 2.E 650X
isolatior 3,007 60 50X
jet 17,95: 43( 42X
mkjpec 84,50( 7,55( 11X
orsoc_gf; 2,21( 9 250X
rct 1,82¢ 56 33X
stereo_visio 201,66( 2,88( 70X
sudokt 21€ 53 4X
warfg 62¢ 10 63X
geomea 5,44: 97 54X

substantial speed-up over post-synthesis simulatitth a geometric mean speedup of 54X. Significant

variation exists among the benchmarks, due to theuat of input data present and method needed to

compute its entropy. Thatcoin benchmarks only input a seed value, and thus tiingér varies little from

that of structural estimation. On the other endhef spectrumadpcm mkjpeg andstereo_visionsee

smaller speedups. This is because the input dathdse benchmarks is read asynchronously ane#ue r

order is based on feedback signals from the cirdtiis means that in order to accurately compute th

input symbol probabilities, we must simulate thewit. However, since we do not need to gatherriate

signal information, it is sufficient to perform fas functional simulation. For the remainder of the

benchmarks, data is read synchronously and in oallewing input entropies to be computed without

any simulation.

A histogram of the per-signal entropy estimatioroeis included in Figure 35. By comparing the

error distribution to that of pure structural esttiron from Figure 33, we can see the effect ofudirig

accurate input symbol probabilities in our estimatprocess. The peak located near +0.9 bits of @rro
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structural estimation has been eliminated, and ove see a peak of signals that exhibit an absolute e

of 0.1 bits or less. This is a consequence of gloe that we are no longer over-estimating the egtaf

the primary inputs and signals nearby. As a residt,absolute mean error has decreased from 0.65 to
0.36 bits of entropy per wire, and the bias hasibeduced from +0.63 to +0.30 bits. After removihg
signals that have low error (between -0.1 and G&),also observe that the error appears to be more

normally distributed than before, albeit with aitige bias of +0.3 to +0.4 bits.

Histogram of Entropy Error for RCT using
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Figure 35. Histogram of the error (in bits of entrqy) for all signals in therct circuit when using input-
based entropy estimation.

The absolute error for all benchmarks is giveniguFe 36. If we consider the benchmarks that still
have high estimation error after incorporating ithigut data ihkjpeg orsoc_gfxrct, sudoky andwarp),
one element they share is that they all include angrs. Accurately characterizing the information
context of memory outputs requires observation frdnges in value over time - something that is

difficult to achieve with estimation methods thatrbt simulate the circuit.
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Average Absolute Estimation Error per Wire
using Input-Based Estimation

Absolute Error (in bits of entropy)

Figure 36. Average absolute estimation error for dlbenchmarks using Input-Based Estimation.

5.7.4. Functional Simulation-Based Estimation

Input-based simulation allows us to eliminate oh&he major limitations of structural estimationytb
we are still left with the difficulty of not beingble to correctly compute the entropy of synchrarogic
outputs and also being unable to account for caticel between signals. Although we can eliminagsé¢h
issues with simulation, the cost of performing dition on a post-synthesis netlist is high. Anrai&ive
to simulating the post-synthesis netlist at a $tmat level is to simulate the original RTL destiop of
the circuit. We will refer to this as 'functionatrailation'.

Functional simulation is performed at a higher lefeabstraction than post-synthesis simulatior. Fo
instance, when simulating a multiplication openatiat the RTL level, it can be done simply by
multiplying the operands together directly, where@ien simulating at the post-synthesis level, iy e
necessary to synthesize a multiplier from many kEmadgic elements like gates or look-up tables and
individually simulate the behavior of each of thedements. As a consequence, functional simulasion

often much faster than post-synthesis simulatiome &@¥mpare the CPU costs of post-synthesis and
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functional simulation for our benchmark set in Tablll. The mean speedup is about 10X, and every
benchmark sees at least a 3X speedup when usiotidhial simulation.

Although functional simulation is faster than pegtithesis simulation, it does not measure the
entropy of every signal in the post-synthesis siethivhich represents that actual circuit that gl
partitioned. Internal signals that are not visibliethe RTL level — for instance, those signals that
internally connect the smaller logic elements usesynthesis the RTL functions. Structural estiomais
used to compute the entropy for those post-syrgtséghals that are not visible at the functionaéleln
a general sense, we can view both the input-basédumctional simulation-based methods as using a
mixture of sampling and estimation. The input-basexthod samples measurements only from primary
inputs and computes the remaining signal entrofie. functional approach increases its sampling to
include all signals that are observable at the REVEel. However, there is a key limitation assoaatéth
trying to sample all of the RTL-visible signals: waist guarantee that these signals still exigténpiost-

synthesis netlist.

Table XII. Comparison of CPU time required for entropy gathering using Post-Synthesis Simulation and
Functional Simulation-Based Entropy Estimation.

Pos-Synthesis Simulatic | Functional Simulatic Speedup fc

CPU Time (s) CPU Time (s) Functional Simulatior
adpcm_de 39,30: 13,14¢ 3.3X
adpcm_en 5,37¢ 1,72 3.1X
bitcoinl 3,887 88 44.2X
bitcoin4 1,62¢ 35 46.5X
isolatior 3,007 34C 8.8X
jet 17,95 1,30( 12.8X
mkjpec 84,50( 7,55( 11.2X
orsoc_gf 2,21( 14¢ 14.8X
rct 1,82¢ 32C 5.7X
stereo_visio 201,66( 54,66( 3.7X
sudoki 21€ 66 3.3X
warg 62¢ 21 31.5X
gecmeat 5,44; 552 9.9X
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In a normal synthesis process, the synthesis ®dkde to perform optimizations to the RTL
description, such as refactoring Boolean equatishich may mean that the signals present in the RTL
description no longer exist in the post-synthestlist. Furthermore, synthesis tools are often able
identify and remove unused or redundant logic thay be present in an RTL design. To ensure that our

entropy-sampled signals continue to exist, we atadtbenchmarks’ RTL to instruct the synthesis tool
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Figure 37. Histogram of the error (in bits of entrqoy) for all signals in therct circuit when using functional
simulation of the circuit and including data from al signals visible in functional simulation.

preserve all of the RTL-visible signals. A consetpeof this is that the post-synthesis netlist vilbuse
when evaluating the accuracy of functional simolatimay not be identical to the one used when
evaluating structural and input-based estimatidris histogram of entropy estimation errors for gver
signal inrct when using functional simulation-based estimaitsogiven in Figure 37. Please note that due
to the much narrower error distribution, this higeom uses bin sizes of 0.05 bits rather than thebid.
bin size used in the previous histograms.

The error present when using functional estimaisosignificantly lower than the previous methods
we have discussed. The mean absolute error hagédered to 0.02 bits and the bias to 0.04 bitgef®i

that our earlier results from Section 5.6.2 denmambstl that entropy-based partitioning produces mean
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information cut sizes that are approximately 45%alten than those produced using traditional
partitioning, a 2% error in signal entropies seemigkely to have a major impact on its efficacy.
Although functional simulation appears to perforreliboth in terms of CPU cost and accuracy, it

possesses one important drawback. As stated eavieensure that all signals visible during funcéib

Normalized LUT Costs for Synthesis
Normal vs Keep All Functional Signals

ONormal mKeep All

Figure 38. Normalized LUT synthesis cost for the behmark circuits when synthesizing normally and
requiring that the synthesis tool keep all functiomal signals for use with functional-simulation-based
entropy estimation.

synthesis persist in the post-synthesis netligtplpudoing so, we limit the ability of the synthes$bol to
perform certain logic optimizations. This may letada circuit that requires more logic resources and
contains more signals, which in turn may increasource requirements and/or partition cut size. To
guantify these effects, we synthesized each benthai@uit using the Xilinx Vivado synthesis engine
both with and without preserving this type of sigaad recorded the resulting logic costs. To enshae
implementations were directly comparable, we alsalded the use of BRAM and DSP blocks and
constrained the synthesis engine to only use LUiBsflgp-flops. The normalized results for flip-flappst

are given in Figure 39 and the normalized LUT ¢®sfiven in Figure 38.
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The mean flip-flop overhead is 6.5%, and aside fsutloku(which has a 29% overhead), the impact

on flip flop costs is not high. For the featumed benchmark, it is only 0.5%. For LUTs, the overhead

much higher. The average is 54%, with a 31% inerdasrct. Conceptually, the flip-flops stores state

Normalized Flip-Flop Costs for Synthesis
Normal vs Keep All Functional Signals

R e
B e i
1+ . . . - - . - - -
0.8 +1 - - - -- -- - -- -- -
0.6 1 - - - -- -- - -- -- -
0.4 +1 - - - -- -- - -- -- -
0.2 +1 - - - -- -- - -- -- -
0 . . . . T T . T T T T .
o ¢ > & & & % 9 & >
Qo&96 QQ&?Q @\00& @@0& , x%o\%\& ’ &\Q@ é@og )y © 5’\%\0 @58@ & Q?O&av
%@
ONormal mKeep All
Figure 39. Normalized flip-flop synthesis cost fothe benchmark circuits when synthesizing normally ad
requiring that the synthesis tool keep all functioml signals for use with functional-simulation-based

entropy estimation.

information. Storage can only be optimized awal i unused or redundant. On the other hand, LUTs

implement Boolean logic, which can be optimizedairvariety of ways such as decompos

ition [179],

factoring [180], flattening, LUT packing [181], catant propagation, and others. The 50% LUT overhead

is likely to make entropy estimation using funcabsimulation of all RTL signals unsuitable for mos

applications that require partitioning. The impantcut sizes due to the increased number of wirgise

circuit also poses a major problem. Faot, the netlist generated when keeping all signald aa

information cut size that was 40% higher when parted than that of the normal netlist, maki

than the wire-based partitioning algorithm.

ng drae
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Although functional simulation has high accuradg, negative impact on circuit optimization during
synthesis makes it unsuitable for partitioning aggtions. However, if we can modify the functional
simulation method to reduce its impact on synthasimmay become an attractive alternative to post-

synthesis simulation.

5.7.5. State-Sampled Functional Simulation-Based Estimatio
In our discussion of estimation based on functiairalulation, we described it as a form of sampling,

where we measure the actual entropy of a subsetigofals within the circuit and use structural

Normalized Speed-Up vs Post-Synthesis Simulation
for Methods of Entropy Gathering
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Figure 40. Speed-up of all simulation-based entropgathering methods, normalized to the CPU time
required for post-synthesis simulation.

information to estimate the entropy for the non-glath signals. However, ensuring that all of thenalg
that are visible in functional simulation are cadriover to the post-synthesis netlist severelytdirtie
synthesis tool's opportunities for optimizing Bamidogic. The natural extension of this line ofubbt is
to ask whether we might choose to sample some tsab#ee signals visible in functional simulatioac

that we use signals that we keep in the post-sgigmetlist without limiting logic optimization.
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In our discussion of functional simulation, we rbtihat keeping signals did not produce a large
increase in flip-flops. Furthermore, our inability accurately estimate the entropy for the outmits

synchronous logic was one of the major deficienofesur estimation methods that do not use sinfati

Normalized Speed-Up vs Post-Synthesis Simulation
for Methods of Entropy Gathering (Zoom)
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Figure 41. Speed-up of all simulation-based entropgathering methods, normalized to the CPU time
required for post-synthesis simulation. The charts zoomed to illustrate the scale of smaller values.

Based on this, we hypothesized that if we samplely the signals in the RTL description that
represented the outputs of synchronous logic —ithahe state of the circuit — we may be able &b g
some of the accuracy benefits of simulation withHoatirring a high logic overhead.

Using state sampling has a beneficial secondagcefin simulation time, as shown in Figure 40. A
zoomed in version of this data is presented in ifeigll. By sampling only the state signals, simatati
time is accelerated by an average of 40% over fimalt simulation using all signals. This speedup loa

attributed to the dual effects of having fewer sigrto record and by having a smaller circuit toudate.
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The smaller circuit size is due to more efficieptimization of the logic, as demonstrated by the
comparison of resource requirements after synthasishown in Figure 42 and Figure 43. The flipflo

overhead decreases from 6.7% to 3.7% when usitgsaanpling. More significantly, the LUT overhead

Normalized LUT Costs for Synthesis
Normal vs Keep All Functional Signals
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Figure 42. Normalized LUT synthesis cost for the bechmark circuits when synthesizing normally,
keeping all function signals, or keeping only statsignals.

decreases from 54% to 5%. This confirms our eahljgothesis that by only forcing the synthesis tool
keep signals that correspond to the outputs offspmous logic it is still free to perform optimi&at on
the circuit's combinational logic.

Forcing the synthesis tool to retain synchronoggclonay prevent some optimizations to state logic,
such as state reassignment, but this appears eadhawich smaller effect than retaining the sigfals
combinational logic. The remaining overhead is lliikeue to the circuit design specifying more
synchronous logic than is actually used in theudir@ased on our inspection of the synthesizecliis,
this seems to most commonly occur when the desigpecifies a register that is larger than the

maximum number of bits needed to store a resukutth a case, the synthesis tool would normaligees
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the register, reducing the number of flip-flops amy associated Boolean logic that might be comaect
to its outputs. It is important to note that these overheads that could be eliminated, eitherutfiro
optimization of the RTL design to remove redundstate logic or through integrating the synthesig an
simulation tools, such that only the outputs of-nedundant synchronous logic are sampled.

Reducing the number of signals that are sampleduses a modest decrease in the accuracy of the
entropy estimation, as shown in Figure 44. The nasolute error using state sampling is 0.12 léts p
wire, with a bias of +0.09 bits for thret circuit. Across all benchmarks, the mean errd.@6 bits per
wire, as shown in Figure 45. Given that our simatamethod accounts for the entropy of the input$ a
for the outputs of synchronous logic, we can caelthat this is the error introduced by our assionpt
that signals are uncorrelated. In future, it maybssible to further improve on these results lojuiding
sampling of some non-state signals in the circuéin attempt to strike the best balance betweeplsagn

all signals as opposed to sampling only the stafiputs.

Normalized Flip-Flop Costs for Synthesis
Normal vs Keep All Functional Signals
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Figure 43. Normalized flip-flop synthesis cost forthe benchmark circuits when synthesizing
normally, keeping all function signals, or keepingnly state signals.
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Histogram of Entropy Error for RCT using
Functional Simulation (State Outputs Only)

Number of Signals
N
o
o
o
o

15000 -
10000 -
5000 -
o T 1 T T T T T T T T T T T°7T
© @ ® N~ © 1B ¥ M N A QO o N @M T N O N ® 0 0
< 0 O O 9 © O 9 § © O O © © O o o o o -
Estimation Error (Bits of Entropy)

Figure 44. Histogram of the error (in bits of entrqoy) for all signals in therct circuit when using functional
simulation of the circuit and including data from only state outputs in functional simulation.

Average Absolute Estimation Error per Wire
using Functional Simulation (State Outputs Only)
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Figure 45. Average absolute entropy estimation ermofor all benchmarks when using functional
simulation of the circuit and including data from only state outputs in functional simulation.

5.7.6. Impact of Entropy Accuracy on Partitioning
Within the context of this research, the significarof the entropy estimation error arises from the

impact it has on entropy-based partitioning. Far wses, increasing the accuracy of entropy estimati
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only has value insofar as it allows the entropyeldagartitioning algorithm to achieve lower informoat
cut sizes. To evaluate this impact, we ran theopgtbased partitioner using the entropy data géedra

from each of the estimation methods. We then tdwk liest partitioning result produced with each

Normalized Information Cut Size
Based on Entropy Collection Method
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Figure 46. Normalized information cut sizes achiex® when using entropy-based partitioning with
different methods of collecting the wire entropy dé. Values are normalized to partitioning with no
entropy info (wire-based partitioning). Lower values are better.

estimation method, used the entropy measuremamts gost-synthesis simulation to compute their true
information cut sizes, and then compared thessizas to the cut sizes produced when using nogntro
data (equivalent to wire-based partitioning) ancemwlusing entropy data measured from post-synthesis
simulation. The results are normalized to the wiased partitioning case to demonstrate the amdunt o
improvement in information cut size that is achl@deausing each source of entropy data. These sesult
are presented in Figure 46.

The data shows that entropy estimation accuracyhmasaningful impact on the information cut sizes

achieved by entropy-based partitioning. Intuitivehis makes sense. Given that signal entropy sadne
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used in the cost function and in making the densiaf which nodes to move during the algorithmoresrr

in those entropy values could lead to less optima¥es. The data also shows that in most cases, some
entropy information is still better than no infortiea; even structural estimation, with its relativéow
accuracy, performs around 12% better on average fthetitioning with no entropy information at all,
though it did result in slightly worse cut sizes &mlpcm_enandisolation There appears to be some
correlation between the value of accurate entrggiynation and the average information density tesul
from Section 5.6.3. The benchmarks with low infotima density jet, orsoc_gfx stereo_visioh were
among those that were most sensitive to accurdtepnestimation. This finding is consistent witbro
earlier conclusion that benchmarks with lower infation density are more amenable to entropy-based
partitioning. Since our estimation methods werémlsed toward over-estimating the entropy, thatgre

the estimation error, the more similar the entrajgyghted graph became to the wire-weighted graph.

5.7.7. Summary of Entropy Estimation Methods

In this section, we have developed and evaluatedrakemethods for estimating the entropy of the
internal wires in a circuit, as required for useeintropy-based partitioning. Aside from the funcéb
simulation method that measured all signals, wkiel unsuitable for use due to its negative impaicts
synthesis optimization, each entropy gathering otkthie discussed has its own set of tradeoffs tlagt m
make it useful in different partitioning scenari®ast-synthesis simulation provides the greatestracy
when measuring entropy, leading to the best impnave in cut size (43%), but is the slowest method
and may not be feasible when using very large itd@nd large input data sets. For applicationsrevhe
post-synthesis simulation is prohibitively expersbut where reducing information cut size is stily
important, state-sampled functional simulation-llasstimation gives a 14X speedup over post-syrghesi
simulation while still improving cut sizes by 36%dowever, it does produce a slight increase in logic
utilization. In cases where the run-time of the CABw is very important, structural estimation Istil

achieves a 12% reduction in cut size at almostomapeitational overhead. It also has the advantagetof
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requiring a representative input data set to bélabla. If an input data set is available, inpuséd
estimation is still extremely fast and increasesrdduction in cut size to 19%.

We have discussed several software-based optiommgmfbering entropy data in this section, but other
options exist outside of software. Hardware-basguda$ analyzers and probes may be used to measure
entropy directly after a design has been deplogdthtdware [182], particularly when combined whik t
sampling techniques we have described. It may lagspossible to gather entropy using existing signal
monitoring logic included for test purposes. Fostamce, security researchers have noted that it is
possible to obtain internal entropy information aifcuits using JTAG connections [183]. However

detailed analysis of these hardware-based metkduksybnd the scope of our work.

5.8. Application Case Study: Entropy-Based Partitioningin the CMS Level-1

Trigger Emulator Prototype

Earlier in this chapter, we used the Regional Qaleter Trigger (whose design is described in
Chapter 3) and its implementation in ttet benchmark circuit to motivate the value of entrtyaged
partitioning. In this section we discuss some of tthallenges and practical benefits of applying
compression based on entropy-based partitioninthe¢oRCT firmware. We base our analysis on the
challenges of implementing the firmware in protatygf the CMS Level-1 Trigger Emulator (L1TE), a
scaled down version of the high energy physicstieleits meant for use in testing and validating the
physics algorithms and their circuit implementasidimcluding therct, jet, andisolation circuits used in

our benchmark set earlier in this chapter).

5.8.1. Prototype Architecture

The prototype hardware system for the L1TE is uraterstruction at the University of Wisconsin.
Based on current prototypes, the full system ismnpda to contain at least 288 FPGAs (the prototype
currently uses Xilinx Virtex-6 XC6VHX250T or XC6VH3IGOT [3] models, but will likely use Virtex-7

FPGAs in the final system). In addition to partiiing at the FPGA-level, pairs of FPGAs are grouped
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onto cards, referred to as Calorimeter Trigger &sors (CTPs), which communicate via high-speed
serial 1/0O links each operating at 4.8 Gbps. CTiespartitioned into 'crates’, which allow connegtio
between 8 CTPs via a custom backplane utilizingaa ®pology. Communication between crates is
performed using gigabit Ethernet. Additional detaih the prototype hardware can be found in treedl

publication [46].

5.8.2. Implementing Compression

Many different options are available for compregsiignals. Berger studied compression mechanisms
for trigger primitive data in the NA49 high energhysics experiments [144] and compared 11
compression algorithms including zero suppressiamength encoding [184], vector quantization [[L85
and several variants of static and dynamic Huffroading [103] and Lempel-Ziv [186]. Based on those
findings, we selected Huffman coding using multiptele trees (one tree for each serial link). Weseho
Huffman coding for several reasons:

< It is an entropy-based coding method, allowingasige the entropy gathering methods we
detailed earlier to estimate its maximum compres&gctor.

* We can reuse the entropy information gathereddatitipning to populate the code tree.

« Because the statistical distribution of data fafhhénergy physics experiments has been well
characterized in research and is time-invarianis ipossible to use static code trees. This
allows the encoder to be implemented using a sidguk-up table, which is well-suited for
FPGAs.

« The hardware cost is relatively low — Berger's iempéntation requires the equivalent of
~10,000 gates to handle 200 million samples pesrskonhich is less than 0.2% of the logic

area of a Virtex-7 2000T FPGA [125].
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Huffman compression has also been shown to bebfeasi other trigger applications, such as
ALICE's Time Projection Chamber [187] and in ATLAS evel-1 Calorimeter Trigger (using ASICs)

[188]. The serialization process required for Huwffmencoding, which is sometimes viewed as a

Compression Factor vs Huffman Symbol Size
for the RCT
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Figure 47. Compression factors for various Huffmarsymbol sizes in the RCT.

limitation of Huffman coding, has little impact iour application as the data must be serialized for
transmission over the high-speed I/O links anyv&nilarly, there is no need to implement more gostl
parallel decoders in our FPGASs [189] since the dataes serialized.

To evaluate the efficacy of the compression, weeggtied a static Huffman tree for the best cut set
produced for thect benchmark from our entropy-based partitioner,ifianed the circuit based on this
cut set, and compressed the data being transrhigteaen partitions.

As a first experiment, we compared different pdsslymbol sizes (the number of wires in the cut to
include in a group that will be mapped into a codedy to determine the impact of the symbol size¢hen
compression factor. We measured the compressitor fimr symbol sizes ranging from 4 to 32 wires per
symbol. The results shown in Figure 47 demonstita¢ there is an approximately linear increase in

compression factor with increasing symbol size serihe range of sizes we tested. Although it is not
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evident from the figure, the maximum theoreticampoession factor for this partition based on its
entropy is 2.3X, so we can expect the improvermeawel off for larger symbol sizes.

From a practical implementation standpoint, wheingia table-based encoder with a symbol size of
N, the encoder requires a code table witlegtries, so the symbol sizes is limited by har@wanst. Tree-
based encoders can eliminate the code table sqaloigem, but their encoding latency scales wide tr
depth (which itself scales linearly with the symis@de in the best case) rather than remaining anhst
[190]. Larger symbol sizes also require longer eamtes, which increases the decoding time. To keep
hardware and latency overheads low, we choose aleinentation with an 8-bit symbol size. This
achieves an average compression factor of 1.58K, avhardware cost equivalent to 0.2% of the logic
slices per link on our target FPGA and a codingddétwy latency of 33 ns per symbol/codeword. Since
we can overlap coding and decoding with serialiratind de-serialization, this has a relatively mino
impact on end-to-end transmission latencies.

Efficiency in all areas might be improved if FPGAndors included dedicated hardware to perform
encoding/decoding of data sent or received usieq gerial I/Os; specialized hardware, could alfow
larger symbol sizes and improved compression factiternatively, if the inter-partition networkkec
is the communication bottleneck rather than thed&ndwidth of the FPGA, it could be possible to use
external ASICs to perform coding and decoding & FPGA boundaries. However, our analysis is
focused on prototyping and design exploration, sowill focus on implementing this logic within the

FPGAs.

5.8.3. Temporal Entropy Variation

In our previous discussions of entropy in circuit&g have characterized each wire with a single
entropy value. This represents the entropy of tgeat over the entire input data set. It can also b
viewed as the average amount of information cariedhe signal. However the amount of information
transmitted on a given signal may not be uniforditributed over time. An application may go thrbug

distinct phases in which different sets of sigraaks more utilized or variations in the input datamay
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change the rate at which information enters theuiir Selecting a minimal-entropy cut and compiregsi
inter-partition signals based on their averageogytminimizes the total data transmitted, but ifdidde
the applications run time into different time wimes) the amount of information that is transmitted
during each windows may vary.

To examine this possible behavior more closely,dimed our simulation of the internal signals of
the rct benchmark into 1 us time windows and coegbuhe entropy for each signal in each time
windows and compared the entropy of the signalachewindow to the average entropy of the same
signal over all time windows. A histogram of tharslard deviation in entropy (as a percentage of the
average entropy) for each signal is presentedgarEi48. The majority of wires have standard déeviat

of 10-30% of their average entropy, but there dmusands of wires that have standard deviations of
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Figure 48. Histogram of the standard deviation in wre entropy (as a percentage of each wire's average
entropy) for the rct benchmark when computing entropy over 1 us time widows.

more than 100% of their average entropy, demoisragignificant variation in behavior over time.
However, the actual volatility in information cuge is not as large as this data might suggesausec

increases in entropy in some wires are often offgetecreases in others. When we consider theaténd
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deviation in entropy for the entire cut set of thest partitioning result for the RCT, the totalrept
variation is 9% when using a window of 1 ps.
The time window size used to compute the entropiatian has an impact on the amount of variation;

larger windows allow us to average the entropyha signals over more clock cycles. Earlier, we

Standard Deviation in Information Cut Size
for Differing Time Window Sizes for the RCT
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Figure 49. Standard deviation in information cut ske for the RCT using different entropy collection ime
windows.

discussed entropy variation using a 1-us window.sf 1-pus window is consistent with the planned
computation budget for the high-luminosity RCT [58hd is therefore representative of the entropy fo
the time it takes for a single data set to be meee as well as being representative of numbeatafgbts
that would be present in the RCT's pipeline atgimgn time. Reducing the window size to 25 ns aflow
us to capture the entropy from a single data ge¢dich wire. We will refer to the data for one eyof
our cut set as a ‘frame'. Figure 49 includes a eoisgn of the standard deviation in entropy forthiees

in the cut set using different window sizes. Theoam of variation in entropy is significant in thiat
allows us to make a first-order approximation af tfariation in compressibility of the data (sinbe t
actual Huffman compression ratio depends on theath&/mbol frequency, it is not an exact measure o

compression variation). The data show that mudhepossible decrease in variation can be achibyed
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using a window size of 100 ns, or 4 frames. Froningslementation standpoint, this would require the
sender and receiver to add storage to buffer 4dsaoh data, additional logic for multiplexing fraspend
would increase the transmission latency.

In order to ensure all of the data can be losglesahsmitted between partitions, the variation in
transmission times can be handled in one of twosway

* Keep the communication bandwidth available forriartition communication constant. This
causes transmission time to vary.

* Keep the maximum transmission time for each cutcseistant. This causes the required
communication bandwidth to vary.

The appropriate approach depends on the applicakon circuits used to implement real-time
applications with firm deadline, it may be necegdarensure that the transmission time is bounded t
ensure that data is transmitted between partiti@mdly enough to meet computation deadlines.
However, this may require us to allocate enougtdbédth to handle the worst-case (least compregsible
time window for our application, which may elimieasome of the potential advantages of using
compression to reduce network costs. For circugt$opming batch operations, it may be preferable to
allow transmission time to vary, which can increpsgormance and/or reduce network costs.

Our high-energy physics application highlights botle cases. The generation of the input data can be
viewed as a stochastic process. The average entfojhye input towers is approximately constant over
long periods of time, but can significantly varyeova small number of bunch crossings. The real RCT
system has firm deadlines, as the LHC produces &qyerimental data sets every 25 ns, and has a
maximum trigger decision computation budget thastnine met due to limitations in sensor data buffers
[5]. On the other hand, the L1TE system need netaip in real time in order to validate the comess
of the physics algorithms, because the input detsare not being produced in real time. For the s
comparison, we will evaluate the implementationéaffs of using both constant bandwidth and constan

transmission time with the L1TE.
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5.8.4. Synchronous L1TE with Bounded Transmission Time

The real Level-1 Trigger system operates with stt@adlines based on limitations in the amount of
input data it can buffer. The time it takes to sfen data between FPGAs is included in the deadiioéf
we wish to model deadlines in the L1TE while alsmpressing the data that is transmitted between
FPGAs, we must still ensure that there is an uppend on this transmission time in order to gua@ant
that the deadline will not be violated. We will eefto this deadline-driven model as the 'synchrehou
L1TE, since it processes input data sets and &ensfata sets between partitions at a constantirate
order to determine how much inter-partition bandivid needed to set the upper bound on transmission
time, we need a better understanding of how the-tiariation of the entropy in the cross-partitian set

impacts the amount of data that is transmitted.

Compressed Frame Sizes Over Time for the L1TE
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Figure 50. Huffman compressed frame sizes for their§t 4000 input data sets for the RCT circuit,
partitioned for the L1TE.

We can determine the exact compressed frame syzeBriulating the partitionedct benchmark on
the L1TE using the Huffman coder we described iotiBe 5.8.2. We graphed the compressed frame

sizes for the first 4000 frames (representing lofmseal time for the hardware system). The resatées
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shown in Figure 50. We see some start-up behaefbected in the first 1000 frames, including a
decrease in frame size during the period of timeerwiprogramming dynamic look-up tables and
thresholds (refer to Section 3.4 for a descriptbthe use of dynamic look-up tables in the RCTieA
this, the frame size maintains a consistent averm@ge83 Kilobits (Kbits), which is consistent withe
predicted compression factor of 1.6X for an 8-bitffrthan symbol size from our earlier experiments.
Frame-to-frame variation from that average has dppearance of randomness, which matches our
assumptions about the RCT's input data.

The maximum compressed frame size in our simulag@®9,024 bits. We will assume a transmission
deadline of 1 us for synchronous operation of th€H. (the total end-to-end deadline is 3.2 us [6his
allows a 1-us computation budget for each partitigth the remaining 200 ns reserved for additional
latency costs inherent to serial I/O technology;hsas data marshalling, alignment, serialization/de
serialization, channel bonding, and line coding6]1f53]). This represents a 40X reduction versies th
maximum throughput of the final Level-1 Trigger &ym; the full system will use much more hardware
running in parallel. We deduct the latency of enegttlecoding (33 ns) from the transmission budget f
compressed transmission to allow for a fairer caimspa to uncompressed transmissions. To transmit th
89-Kbits frame within our deadline requires an ager data rate of 92 Gigabits per second (Gbps).
However, because the FPGA's serial I/O links usd®bline encoding [191] — which has a 25%
bandwidth overhead - to enable low-voltage difféetrsignaling [192], it actually requires a totadk
bandwidth of 115 Gbps between the partitions. With5-Gbps data rate per link that has been validat
on the L1TE, this requires 23 links per FPGA opagptat full capacity. In comparison, without
compression it would require 164 Gbps using attl@adinks per FPGA. These numbers only represent
inter-partition communication do not include thekk used for the circuit's primary inputs and otgpu
Given that the number of number of serial I/O tcaigers on Virtex-6 family FPGAs varies from 12 to
48 (with associated increases in cost for modeth wiore transceivers) [3], this can be viewed as a

significant savings.
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In Section 5.8.3, we introduced the concept of #ammbining as a method of reducing the variation

in the size of each frame. We can use frame compito reduce the maximum bandwidth requirement

Required Inter-Partition Bandwidth for Synchronous L1TE
with Frame Combining
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Figure 51. The reduction in the required inter-parttion bandwidth for the synchronous L1TE when using
frame combining to reduce the variation in the datathat must be transmitted in each time window.

for the synchronous L1TE. However, introducing &ldelitional latency required to buffer multiple frasn
also reduces the transmission time budget. As shoviAigure 51, an 8-frame window size reduces the
required bandwidth by 4 gigabits per second. Fagrelawindow sizes, the frame buffering latency begi
to dominate and the required bandwidth increasesstherct circuit using our input data sets, the value
of frame combining is relatively small. This is ansequence of the fact that there is only an 8%
difference between the average and worst-case fedres in our simulation data. For cut sets with a
larger variation in frame sizes, frame combiningynt®e more valuable. To demonstrate this, we
randomly generated normally distributed frame sizits increasing standard deviation in frame sizd a

applied frame combining with an 8-frame time winddwe results are shown in Figure 52. When frame
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sizes are normally distributed with a 50% standd#ediation, frame combining can reduce the required

bandwidth by 45%.

Maximum Required Bandwidth for Data Sets with
Increasing Frame Size Deviation

Normalized Required Bandwidth
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Figure 52. Normalized reduction in required bandwidh when using frame-combining with a time window
of 8 frames for normal distributions with increasing deviation in frame sizes.

The 89-Kbit worst-case frame size from our simolatis not necessarily the worst-case frame size
that might be encountered in real use. It is diffito determine the worst-case frame size. Froen th
counting argument, we know that there are somedsathat are incompressible [193] — which would
suggest a worst-case size of at least 131 Kbitat—ths not clear whether it is actually possilbte
produce such frames based on the logic of theitiemd the statistical distribution of potentiapin
values, which are constrained by physical propemiethe experiment. Such an analysis of the physic
are beyond the scope of this work, and providingned guarantees that transmission deadlines will be
met are not necessary for the L1TE. A simpler emgfiimg approach might be to add some additional
margin to the maximum value seen in simulationhwiit providing a guarantee. For instance, adding a

10% margin would provide enough bandwidth to hafidlme sizes up to four standard deviations above
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the average frame size we observed in simulatiamwA have shown, we can use frame combining to
further reduce the effect of higher deviations manfe sizes However, without providing a strict
guarantee, it is possible that deadline violatisiisoccur. We will discuss the implications of liaig to

meet deadlines further in Section 5.8.6.

5.8.5. Asynchronous L1TE with Bounded Bandwidth

Although synchronous operation is necessary forréa L1 Trigger hardware system, but is not a
requirement for the emulator system. When perfogntiming validation it may be desirable to operate
the L1TE synchronously, but for other cases whezeare more interested in maximizing the throughput

of the system - such as for testing and validatibthe physics algorithms being implemented in the

RCT Frame Transmission Times
with Asynchronous L1TE
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Figure 53. Frame transmission times (in pus) for thdirst 4000 frames on the asynchronous L1TE when
using the same bandwidth as the synchronous L1TE.

system — it may be more desirable to operatind_tfiEE asynchronously. In synchronous operation, any
time difference between the transmission time dm@dnhaximum transmission deadline would result in
the communication links being under-utilized. Iryrashronous operation, the L1TE processes new input

data sets as fast as possible.
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If we run the asynchronous L1TE using the same Wil as in the synchronous L1TE (with a 10%
extra bandwidth margin), we achieve the frame trassion times shown in Figure 53. Naturally this
distribution mirrors that of the compressed franmes Recall that the transmission deadline for the
synchronous trigger was 1 us. In order to provigeugh bandwidth to meet the worst-case deadlirme, th
communication links would be unutilized more tha@%® of the time for most frames. Overall,
asynchronous operation results in a 26% improveinethiroughput compared to the synchronous system
when using compression. If we use the same bankwisltrequired for the uncompressed synchronous

system, the throughput is 52% higher.

5.8.6. Inexact Synchronous Operation

Although we can use asynchronous operation withLthEE, the final trigger system must operate
synchronously. Although we demonstrated significhenefits to using compression of inter-partition
communication frames with the L1TE, providing m&f®6 bandwidth than needed to transmit the largest
compressed frame from our simulation seems ineffici and does not actually provide a formal
guarantee that all deadlines will be met. From agireering standpoint, it is worthwhile to specelat
about the consequences of violating deadlines lamgbotential implementation advantages of designing
the system with the understanding that it may migse deadlines.

Missing a deadline in the Level-1 Regional Calotiendrigger system means that we cannot produce
calorimeter-based triggering decisions for at least bunch crossing. There are other sources of
triggering decisions such as the Muon Trigger dmal Tracker [5] which could be used if the RCT
triggering decisions are not available, but inwggst case, we can assume that we are not abtjtira
data for that bunch crossing. If this is the cétss,important to understand what type of bunatssings
would lead to deadline violations. Specifically, vaee interested in whether incompressible bunch
crossings are likely to include data that is mordess valuable to the experimenters than data from

compressible bunch crossings.
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The ability to achieve good compression ratioshe@ RCT come from the fact that only a certain
number of particles are produced in each bunctsirgsand as a consequence the majority of theosens
inputs have low energy values. This may suggestdbiéisions that produce an unusually large number
of high energy particles would be the ones thatccoat be efficiently compressed and would faihieet
frame transmission deadlines. This seems problemasi such collisions might be more interesting to
physicists. One potential solution to this problento detect when a frame is too large to transmit
'steal’' the transmission time from the next bunassing — that is, use the time window that would
belong to the next bunch crossing to finish tramng the frame. This would allow the system to
produce triggering decisions for the large framethet cost of failing to produce decisions for the
following frame. Since the contents of bunch cnogsiare not temporally correlated [194], this is no
worse than dropping a frame at random. This is eptually similar to the concept of 'dead time', a
technigue used by many trigger designs that santiesh crossings rather than processing all of timem
order to ensure deadlines can be met [195]. Urdikad time in a conventional trigger system, our
proposed approach would drop bunch crossingsimeellly based on actual data rates rather tharetet m
worst-case scenarios.

Other options for inexact transmission includeuke of lossy compression methods. However as with
other applications of inexact computing [196] [19%pplicability depends on the specific applicatids
with our earlier discussion of lossy look-up tabempression in Section 3.4.2, the physics impliceti

of lossy frame compression are beyond the scoperofvork and are left to future study.

5.8.7. Summary of LITE Case Study

Using the L1 Trigger Emulator as an example, we alestrated entropy-based partitioning, along
with data compression, can bring tangible benéditseal applications. We demonstrated that a Haffm
coder could produce compression ratios of ~1.6X Witv hardware and latency costs when implemented
on an FPGA. When operating the L1TE in synchronmasle, we could reduce the amount of inter-

partition bandwidth by more than 30% compared system that does not use compression when using
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the same frame transmission deadline. When opgrétie L1TE in asynchronous mode, we achieved
52% higher throughput than the uncompressed systhen using the same bandwidth. The use of
compression introduces variation in the frame taasion time that complicates our ability to pravid
hard guarantees of transmission times in systeris re@@l-time constraints. In such scenarios it fnay
worthwhile to consider the opportunities to makes wf opportunistic trigger dead time or lossy
compress, however further study of the impact ahstechniques on the physics performance of the

experiment are needed.

5.9. Contributions

In this project we introduced information-basedtitianing, a new circuit partitioning paradigm that
focuses on the information content of the signathiw a circuit rather than just their number ofreg.
We developed and evaluated several methods foruriegsthe entropy of real circuits based on their
logic structure, characteristic input sets, andusation. Using this entropy data, we developed an
entropy-based partitioner that is capable of produccircuit partitions with significantly lower
information cut sizes that those produced by tiauaktl partitioning algorithms. We demonstrated the
practical benefits that can be achieved from lofgfimation partitions using the Level-1 Trigger
Emulator and showing that a combination of entrbpged partitioning and compression could
significantly reduce the bandwidth required to meéexdlines when operating synchronously or increase
the processing throughput when operating asynclusipoOur results also show that the opportunities
for optimization based on entropy-based partitignéxtend to a wide-variety of application specific

circuit designs beyond those in high energy physics
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6. Future Directions

Our research has focused on improving methodsdsigding large-scale, distributed, heterogeneous
computing systems. The design of such systems nsnaasignificant challenge, and many avenues are
open for further progress, both for high-energysitsy systems and more general computing systems.

In our discussions of compressed look-up tableshfgh-energy physics architectures and cut set
compression when using entropy-based partitionivwg, focused on using lossless compression
algorithms. Lossy compression algorithms mightvalfor even greater optimization opportunities while
also introducing new challenges. With lossless aasgion, the circuit's functionality is unchanged.
However, using lossy compression alters the funadibthe circuit, as the data received by one foamti
after decompression may not be exactly the sanmbeadata that was sent by another partition poor t
compression. The rapidly growing field of Inexacon@puting focuses on similar problems of how
relaxing constraints on the exactness of computati@n be used to optimize the performance or gnerg
consumption of computing systems. Because thedrigg systems used in high-energy physics are
heuristic algorithms, we believe that there mayabsignificant opportunity to apply techniques from
inexact computing. However, in order to enable soptimizations, research is needed to quantify the
impact that relaxing various correctness consfsaint the computations impacts the quality of the
solutions produced by the physics algorithms. lultoalso require the development of methods to
identify the most significant bits in a cut setrfrcan exactness perspective and design compression
methods that preserved the most significant bits.

Our entropy-based patrtitioning algorithm uses atnegly simple method to compute the total entropy
of a cut set — the sum of the Shannon entropydi¥idual wires. This represents an upper bouncdhen t
true joint entropy; if we were capable of computthg correlation between wires in our cut set, ogld
potentially obtain smaller cut sizes and achievéiebecompression ratios. In our study of cut set
compression for the L1 Trigger Emulator, we disedsghe problem that temporal variation in

information cut sizes poses for systems that hawe deadlines on cut set transmission time. It rnay
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possible to develop more sophisticated entropy-avpartitioning algorithms that minimize the worst-
case information cut size over all time windowscdrporating signal correlations and temporal entrop
variation into a KLFM-based patrtitioner is not pb$s using a traditional gain bucket data structarel
further exploration of alternative data structumgspartitioning algorithms are needed to make these
technigues feasible.

Our research was motivated by the developmentgif performance application-specific computing
systems, thus our experiments focused on the ipaitiy of specialized hardware systems. However,
general-purpose high-throughput computing is irgirgp incorporating heterogeneous computing
elements to improve performance or reduce energguwuption. Cloud computing services have begun
to offer large-scale distributed computing platferin a much wider audience. Efficiently partitiagin
software applications across these systems williportant for the operators of these platforms. tMul
Personality Partitioning and Information-Aware Reming may both be valuable in such systems, wher
CPUs, GPUs, and other accelerators offer the chiyaloir software to be flexibly mapped to diffeten
resource types and the hierarchal network desigakemminimizing inter-partition communication
important. However, compared to partitioning citsuior heterogeneous logic devices, the problem of
partitioning software task graphs for heterogeneoimid computers introduces interesting new
challenges. Running applications from multiple gsacorporates scheduling problems into partitignin
Moreover, such applications may be interested itinoping other properties, such as the total energy
consumption, which are related to the type of remthat is used. This motivates us to exploresdifiit
ways of incorporating energy cost metrics into @lgorithms for dynamic personality mapping.
Furthermore, since software partitioning may neete done on-demand, there will be greater emphasis

on developing very fast heuristics.
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7. Conclusion

We have presented three research projects focusedddressing the challenges of efficiently
designing large-scale, distributed, heterogeneounspating systems. Our research has focused onrdesig
methods that can make a system more robust to ehamd) on methods for efficiently automating key
design tasks that might otherwise only be posdhbieugh time-consuming manual optimization by
specialized domain experiments.

First, we examined the domain of triggering ardhitees for high energy physics experiments,
including hands-on prototyping work for the highmimosity upgrade of the Compact Muon Solenoid
experiment. In collaboration with physicists frohat experiment, we developed flexible and hardware-
efficient implementations of new high-luminosityrfiele triggering algorithms. As part of this prese
we demonstrated techniques for implementing logidPGAs using coarse-grained look-up tables in
order to reduce area and delay variation, and cpresely make it easier for the experimenters toatgpd
their algorithms without violating design consttain Our designs served as a basis for prototyfhiag
Level-1 Regional Calorimeter Trigger computing systfor the upgraded experiment.

Second, based on the challenges of efficientlyitparing large physics systems for distributed
FPGAs we introduced Multi-Personality Partitionireg,novel form of the graph partitioning problem.
Multi-Personality Partitioning is capable of addieg the unique challenges of partitioning logic fo
heterogeneous devices with flexible resources, avtieg decision of how to map computations to logic
resources can have a major impact on the partitipmrocess. We also establish the concept of
multivariate optimization for multi-personality gnas — an approach that attempts to improve botleuhe
size and the resource utilization of heterogenatmidces during partitioning. We created an integer
linear programming model to describe multi-persitpgdartitioning, and modified the popular KLFM
heuristic algorithm to support multi-personalityaghs. We developed a multi-personality graph
partitioning benchmark set consisting of large-satcuit designs that targeted heterogeneous FPGAs

and used it to evaluate several variants of pamtis based on our multi-personality algorithmsr Ou
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results show that the dynamic personality-mappiggrithms we invented provide new Pareto optimal
solutions when compared to prior techniques tHetd®n static personality mapping.

Finally, we extended our innovations in partitiagiior application-specific circuits by introduciitge
idea of applying an information-theoretic approdachthe process of circuit partitioning. Information
based partitioning leverages knowledge of a cicfiinctionality and input data sets in order ttirojze
inter-partition communications based on the dafagbransmitted. We discovered that by modifying a
partitioning algorithm to use entropy in its coshdtion, we could obtain significantly lower infoation
cut sizes than with traditional wire-based pantitiy, allowing us to apply optimizations based on
entropy coding. To make entropy-based partitiorfiegsible for very large circuits, we created and
analyzed several different methods for efficiergltimating the entropy of a circuit's internal silgn
Using an entropy-based patrtitioning algorithm, veendnstrated that we could efficiently compress the
data transmitted between patrtitions in the Levé@lrijger Emulator, a system for validating new high
energy physics algorithms, improving its performantogether, we hope the results of these projects

will help to improve the quality and reduce theigesost of large heterogeneous systems.
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9. Appendix A: A Brief History of HEP Triggering Systems

High-energy physics (HEP) is a field of theoretipalysics that studies particle interactions at high
energy levels. Some of the primary work in thedfibhs been in the discovery of fundamental pasticle
and the development of theories that explain thedmental forces that govern particle interactions.

To test HEP theories, physicists must be able tkemmeasurements and observations of particle
behavior at high energy levels — often higher ttharse that occur naturally on Earth. While some HEP
experiments are based around the study of higtggnmrticles produced from sources elsewhere in the
galaxy, such as cosmic rays, most are based anpartitle accelerators. These accelerators are huge
machines that accelerate small particles to vegh hlipeeds, collide them with other particles, and
observe the results on sophisticated groups obseasd detectors.

Data from the detectors is used to reconstructrimédion about what happened during and shortly
after the collision process. High-energy collisionay produce rare, unstable particles that rapldiyay
into lower-energy, more-stable particles. To un@ded the production and decay of these rare pesticl
physicists must use the detector data to locatdates count, measure, and identify the post-decay
particles, and reconstruct tracks of their trajgeto Almost all collider experiments have detestirat
absorb particles to measure their energy (caloareptor detect the passage of a particle through a
particular location in order to reconstruct itsjacdory (scintillators, Cerenkov rings, silicon dkars,
multi-wire chambers, muon chambers).

Over the course of HEP experiments, theories tteatesgstable at low energy levels are exhaustet firs
and further progress requires even higher enerlisioas to produce even rarer particles or physica
phenomena. Successfully collecting enough datadbtheories based on rare phenomena requires the
production of a very large number of collisions andre accurate and sensitive detectors. The need fo
high collision rates and high-resolution detectuas led to a situation in which experiments prodace

more data than it is reasonable to store and pso€es example, experiments at the recently aetiVat
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Large Hadron Collider accelerator, discussed latethe paper, are capable of producimglions of
Gigabytes of data each second

To deal with this problem, the data acquisition Asystems of the experiments employ ‘triggers’:
high-performance, real-time embedded processintesgsthat are responsible for identifying a small
subset of data that is most likely to produce fwresent the rare phenomena that scientists argttgi
discover. Data from the trigger systems guide th&€Do save a small, manageable fraction of thd tota
data and discard the rest. Because the triggeemyist responsible for determining what data isalbtu
recorded, the effectiveness and efficiency of tlgerithms they employ is critical to the successanf
experiment. At the same time, the extremely higta dates that must be handled by trigger systems
means that they must be large, parallel systentshigh processing performance and fast responsstim
Meeting these strict requirements has led triggestesn designers to rapidly exploit technological
advances and employ complex systems that are afteybrid of high-performance embedded hardware
and software designs. This paper will examine tichigecture of trigger systems at a variety ofefiént

accelerators and experiments spanning that pas thecades.

9.1. Early Trigger Systems

Compared to today’'s HEP systems, early acceleraemidower luminosities and smaller event rates;
therefore the amount of data being handled by the Bystems was much lower than in modern systems.
However, the ability to store experimental datadffline analysis was limited both by the slow speé
archival data tapes and by the high expense of gtnmgpresources. For these reasons, the development
of trigger systems was still important. Trigger teys for particle accelerators have existed in some
manner since the early development of acceleratdie 1930’s and 1940’s. Prior to the developnaént
fast, high-density integrated circuit technologggccelerators relied on analog devices and signading
trigger their DAQ systems. A common technique ia 1950s was to use plastic scintillation counters
capable of detecting neutrons, gamma rays, and abnézing particles emitted in collisions [202].

Scintillators are materials that luminesce when tht an ionizing energy. When paired with a
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photodetector, which emits electrons when exposelight, scintillators can be used to form simple
counters of high-energy particles. These countgwsed to guide triggering decisions. The earlgiosi

of modern trigger systems can be traced to thg é80s when multi-wire chambers began being used a
the ADONE electron-positron collider at Frascatitidiaal Laboratory [31]. These systems applied the
concept of track finding that was originally deyedal in the form of the ‘spiral reader’ [32] for Halé
physics. This system featured on-line processimggusoftware running on computers. The introduction

of computer-based track reconstruction formed tssbof modern triggering systems.

9.2. Trigger Systems of the 1980s

The 1980s was an important decade for the developoidigital electronics, and the advancements
of the decade are reflected in the triggering systef the era. Although Application-Specific Intatpd
Circuits(ASICs) and RAM-based triggering systemsrevenost prevalent at the hardware level,
microprocessors, introduced in the early 1970sabdg work their into trigger design. Near the efd

the decade, the invention of FPGAs started to mialkédes in trigger architectures.

9.2.1. Axial Spectrometer Experiment at the Intersectitp&e Rings (1971-1984)

CERN's Intersecting Storage Rings (ISR) was thst firarticle accelerator to achieve proton-proton
collisions by colliding separate beams [33]. Prasly, colliders had used a single beam and a fixed
target. The development of colliding beam accebesalhad several impacts on trigger and DAQ systems
that increased the background event rate thatrifpget systems had to handle. First, the presefce o
multiple beams made the likelihood of beam-gasraatgons higher. With more circulating particle
beams, the odds that collision events might ocoetwéen a particle beam and molecules of a
contaminant gas increase. Such “background evetds’hot have high enough energy to produce
interesting physical phenomena and can thereforednsidered similar to noise. Second, the higher

collision energy provided by two beams also alloie@dscaling to high luminosities.
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The Axial Field Spectrometer (AFS) was a multi-msg experiment at the ISR that was designed to
study the behavior of proton-proton and protonganton collisions characterized by high transverse
momentum (pT) and transverse energy (ET) [203]. &keeriment used a large number of detectors
including multiple calorimeters, multi-wire chambefMWCs), a drift chamber, central detector, and
Cerenkov counter. The presence of a large numbdetafctors and an interaction rate greater than 800
kHz made an efficient online trigger system vitabperations.

The AFS Trigger system uses two levels of procgssihe first level (L1) has a latency deadline of
1lps. It uses simple processing based on ‘coincelenanting’ and pre-computed RAM look-ups [34].
Signals from the MWCs, scintillators, and barrelmi®r are checked for matched hits. Each wire is
assigned an address. If there are enough hitstfiernorresponding detectors, the wire addresseid tes
index into the RAM-based look-up-table (LUT) thatlds pre-computed momentum thresholds. The
process of passing through barrel counters, caenciel counting, and passing the LUT thresholdgdilte
out many of the less interesting events. This redle event rate from 700 kHz to 10 kHz.

Events that pass the first trigger level are padsethe second level (L2), composed of ESOP
processors. ESOP is a custom, 16-bit programma®ke focessor designed in-house at CERN for use in
triggering applications [35]. The 80-MHz ESOP prss@ has a 250-us deadline to reduce the 10-kHz
event rate to a few Hz. ESOP uses a cache-lesatdaavchitecture with multiple ALUs and hardware
support for zero-overhead loops to achieve higle@dpdeterministic stream processing. ESOP’s primary
purpose is track finding, an algorithm that takesetof time-stamped interaction points in 3D spaug
attempts to construct them into linear and linaghfl paths that point back to the beam collisiompo
Each potential input event is described by 24 bgfedata. For a 10-kHz input event rate, the ESOP

processors must handle a data rate of 240 kB/s.

9.2.2. The CDF Experiment at the Tevatron (ca. 1987)
CDF is an experiment at Fermilab created to stimdykehavior of high-energy proton-anti-proton

collisions. It was designed for the first run oétlievatron collider. CDF used a 3-level triggenays
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with hardware-based L1 & L2 triggers and a softwaaieed L3 running on a computer farm [36]. One of
the important goals of the design of CDF's triggeid DAQ were to provide flexibility to allow the
systems to be modified after construction. Thisvpdbto be a valuable strategy, as the Tevatron has
remained in use through various upgrades for oQeyears. To meet the goal of flexibility, the CDF
trigger system was designed with modularity in misawid individual trigger functions were implemented
on separate circuit boards.

The L1 trigger generated triggering decisions basell components:

« Electromagnetic (ECAL) energy, hadronic (HCALkegy, and total ET sums

* Imbalance in energy between ECAL and HCAL

e The existence of non-deflected particle tracks mmions

«  Presence of beam-beam or beam-gas interactions

* Hits recorded in small-angle silicon counters

Most of the L1 systems were implemented using em@oupled logic (ECL) ASIC technology. The
exception was for the adder circuitry. Becauseutation of sums was a time-critical step, addersewe
implemented using analog designs, which were cepablower latency at the time. The results of the
various L1 components were used to index an LUT phavided the final L1 decision. The L1 system
had a deadline of 3.5 pus.

The L2 trigger system was based on a group of Mgrptocessors connected via a shared processor
bus. Unlike the ESOP processors, the Mercury madwere generally non-programmable, fixed-
function ASICs, however modules could be swappeddaied to extend the function of the trigger. The
L2 added track-finding processing to its algoritramsl had an extended time budget of 10 pus.

An important aspect of CDF’s trigger and DAQ arebitire was its communication bus. CDF's DAQ
system was based on FASTBUS, an IEEE standard dxlmdlogy developed in the mid-1980s.
FASTBUS was built on a segmented serial architecemd used high-speed ECL logic rather than
CMOS or TTL. FASTBUS was a significant advancenmianDAQ bus architecture for several reasons.

First, the use of segmentation allowed for scatm@pigher frequencies, meaning faster data acepnsit
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and higher resolution detectors were possible. BEdhe segmentation made the bus modular, allowing
for future expansion as needed for the experimedtits upgrades. Finally, the use of a standard bus
interface rather than a proprietary design madeagdier to reuse communication electronics in other

experiments.

9.2.3. The DELPHI and L3 Experiments at the Large Electasitron Ring (ca. 1989)

The Large Electron-Positron storage ring (LEP) wasarticle accelerator built at CERN in the late
1980s to study electron-positron annihilationseatter-of-mass energies between 80 and 200 GeV. LEP
hosts four experiments, ALEPH, DELPHI, OPEL, and Each of these experiments were designed to
investigate similar physics, however each usedfarent set of detectors. Because all the experisnen
use the same accelerator and have similar goas, ttigger systems have many similarities, therefo
not all aspects will be discussed in depth. Eadihei have a 45 kHz bunch crossing fatach features
a segmented processing with parallel hardware mgstet up to process different physical segments of
the detector, and each has a trigger architectithe3ror 4 levels before DAQ readout. The frequeans
properties of background events caused by beanmtarsictions and off-momentum collisions with the
vacuum chamber were not well known prior to thet sthreal experiments, therefore the designeithef
trigger systems needed to incorporate a great diedlexibility so they could readjust the trigger
parameters after collecting the first experimedtti without having to completely redesign thegeig

[37].

'The particle beams in an accelerator are not are not uniformly distributed. Rather, the beams contain separated

groups of tightly packed particles — or ‘bunches’. The bunch crossing rate refers to the frequency at which bunches

from one beam collide with bunches from another beam. The product of the bunch crossing rate and the number
of collisions per bunch (determined by luminosity) gives the collision rate of the accelerator.
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The L3 experiment’s charged particle trigger wasposed of three stages. Due to the nature of the

L3 experiment’s trigger and DAQ system, it had vstgingent latency deadlines for its L1 trigger

Figure 54. One of the many L1 processing boards fro the L3 experiment [14].
decision. Total computation time was less than.1The charged particle trigger incorporated LUTd an
FPGAs that were used to perform track finding aadnting of co-planar tracks, making it one of the
earlier systems to incorporate FPGA technologyriggér processing [38]. A picture of a FASTBUS-
based L1 trigger board from the L3 experiment mnshin Figure 54.

The L1 trigger in the DELPHI experiment was prirhakiased on RAM-based LUTs. To help reduce
the amount of memory needed to implement primaoggssing in LUTSs, the DELPHI system arranged
LUTs into a tree structure and multiplexed accessRAM modules [204]. A diagram of this
configuration is shown in Figure 55. The use oftirathge look-ups as a means to reduce LUT size is
technique that is still used in modern systems.[58E L1 trigger was responsible for reducing theng
rate from 90 KHz to 700 Hz in 3.2 us [205]. DELPidiplemented three more trigger levels: an L2
trigger based on simple Boolean equations apptietie¢ results of the L1 decisions from each detecto
The L3 and L4 triggers were based the Motorola 638@¥@cessor, also discussed in the descriptioheof t

trigger for the SLD experiment [206].
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9.3. Trigger Systems of the 1990s

Improvements in processing power in the 1990s @tbvior increased event rates and higher
resolution detectors. Many triggering systems besgdopting standard, off-the-shelf components as the

capabilities of digital signal processing (DSP)pshincreased.

9.3.1. The SLD Experiment at the SLAC Linear Collider (£891)
The Stanford Large Detector (SLD) was the mainaleteat SLAC’s Linear Collider (SLC), built to
detect Z bosons created in electron-positron ¢ofis The SLD had a few interesting features that

impacted the design of its DAQ process. It wasfitlsé detector to implement track finding usingaage-
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Figure 55. DELPHI's Tree-based Look-up Table [135].

scale CCD-based vertex detector in a particle acar [207]. Instead of using multi-wire chambers

scintillators to detect particle flight, vertex detors use charge-coupled devices (CCDs). CCDs
accomplish a similar task as scintillators-photedttr counters; when a particle contacts a CCD, it
leaves behind a charge in its wake, allowing hiingsoto be directly digitized. CCDs are the same
technology implemented in many cameras and imadgvices. The transition to CCDs allowed for faster

response times and higher resolution. The SLD’texedletector was capable of producing a 120 Mega-
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pixel image for each bunch crossing. However, ltigger resolution also means more data to progass a
higher bandwidth in the trigger and DAQ.

The SLC featured an unusually slow bunch crossatg of 180 Hz, but events were considered to
span the entire detector. A single event thus redua readout of the full detector, which featuaed
8000-wire drift chamber, a Cerenkov ring, and nplticalorimeters in addition to the large vertex
detector. Despite the low bunch crossing rate,réiselting data for each event were 89 MB (65% of
which comes from the vertex detector), producingaximum data rate of 16 GB/s in the DAQ. These
features resulted in atypical trigger architect&ather than having a hardware-based L1 triggeedace
the event rate, the SLD’s ASIC-based hardware Ig osed for data compression and pre-scaling. The
primary trigger was implemented in software, a gieshat was only possible due to the low event rate

The SLD’s primary trigger used an array of comnudroff-the-shelf (COTS) Motorola 68020
processors, part of the popular 68K series of 82umeral-purpose processors. Processing time thein
primary trigger was non-deterministic and dependedhe degree of particle deposition and pile-up in
the detector. In some cases, trigger processing doefinish in time to record the next bunch cings
and misses it, resulting in dead time for the DAQyvever this is limited in practical applicationless
than 10% [208]. Final trigger processing is doneadarm of micro-VAX processors Each event required
an average of 2100 MIPS (Millions of Instructiorer Becond) to process, thus the trigger would teed
be capable of 378,000 MIPS to completely prevaggér-induced dead time in a worst-case scenario.
Given that high-performance VAX computing systenistte time were capable of ~40 MIPS per

processor [209], this required a large computimgfa

9.3.2. The NA48, WA98, and NOMAD Experiments at the SP& (992-1997)

The Super Proton Synchrotron (SPS) is a protonganton accelerator located at CERN. Unlike
many other accelerators which are built for a smathber of permanent experiments, the SPS was home
to nearly 200 experiments before it was subsumdtiérLarge Hadron Collider (LHC). Most of SPS’s

experiments were designed for a single purposeoahdoperated for a span of several months to a few
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years. As a result, flexibility was less of a camctor most SPS triggers, though architecturesrefipus

experiments were sometimes re-used to reduce gewelt time [210].

Figure 56. Tracking sensors used in the NA48 expenient [179].

The WA98 experiment was designed to measure thavilmhof photons and charged particles in
heavy ion reactions. It used a slightly modifiedsien of the system created for the WA93 experiment
Compared to most of the other trigger systems digui in this paper, its logic was quite simple, and
used only ASIC-based hardware modules. An interggticet of the WA98's system is the inclusion of a
Pulse Trigger module. The Pulse Trigger was a neothiét could be used to generate test signals to
calibrate the rest of the trigger by stimulating ttetectors using LED, LASER, radioactive, and
electronic sources.

NA48 was an experiment designed to study CP vldti a decay mechanism of a kaon into a pair of
pions. The most interesting aspect of NA48's triggechitecture is its level-2 trigger. The L2 trigg
must reduce the event rate from 100 kHz to 10 Hh wilatency of 100 ps. Its decision process igdbas
on the reconstruction of data from eight parallhse wire planes to track the decay of the kaam int
pions in 3-dimensional space. The sensor system fasethis is shown in Figure 56. The L2 trigger

reconstructs these paths based on hit data inctidfinbers DCH1, DCH2, and DCH4. The architecture of
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the trigger is shown in Figure 57. Data from thiét @hambers is first passed to FPGA-based Cootdina

Builders which collect data from neighboring wirealculate the time-of-flight, and use this datinex

into a LUT that provides a coordinate value. Thégadis placed in FIFO queues and sent over a fully

connected optical crossbar to the first availablerit Worker node. Transmission of event data batwee

the queues was done using a standard Xon/Xoff perdeonsumer communication protocol. This

asynchronous communication takes advantage of ahe that event arrival times follow a Poisson

distribution, allowing the processing to be spreat evenly in time, rather than over-provisionig t

hardware.
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Event worker nodes are based on the Texas Instisn@$0 DSP processor, with up to 16 nodes
supported in the system. The C40 processor wastedlbased on its MIMD capabilities, however when
it was proposed that the event rate of the expeiimes doubled, requiring upgrades to prevent the
system from being overwhelmed with dead time du@safficient processor resources, the designers
argued that RISC-based CPUs would provide a mdractive platform for upgrades [211]. Their
primary argument was that the programming modelafdviIMD DSP made development of the L2
software too difficult and time-consuming. This motowards more programmable processors and
concern for software complexity has been a contistend in trigger designs.

Unlike the experiments discussed so far, the NOMperiment was not based on electron-positron
or proton-anti-proton collisions. Instead, its phgswere based on interactions of a neutrino beam
passing through a 3 ton target. Neutrinos rardlgract with other matter, therefore the event rébesh
desired events and background events) tend toitee lgw. In practice, NOMAD generated just 500,000
events per year [212]. As a result, trigger systémnsieutrino-source experiments tend to be redativ
simple. NOMAD also had a bunch crossing rate ofawo injections every 14 s. Because of the large
amount of time between bunch crossings, NOMAD ig &b cope with a single-level trigger [213]. This
trigger is built using programmable logic devic&i[Ps) and programmable array logic (PALs) from
Altera’s MAX series. PALs provide some of the fleikity of FPGAs with lower device size and cost.
PLDs and PALs were sufficient since the NOMAD teggvas primarily based on Boolean combinations

of “veto” bits generated from the detector pringtsv

9.3.3. The BaBar Experiment at the PEP-II Collider (ca®9)9

BaBar was an experiment designed to study CP ieolat the PEP-II electron-positron collider at
SLAC. Compared to other accelerators, it had arei@nally high bunch crossing rate of 238 MHz
[214], delivering continuous data to the trigged dDAQ system. Accommodating this high continuous
collision rate puts a lot of pressure on the Liiger system. The trigger systems were also desitme

operate at up to 10x their nominal event ratedcipating the potential for upgrades to the experits
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luminosity. A high-level diagram of the BaBar traggs shown in Figure 58. The L1 trigger is a datal
pipelined system based on FPGA hardware, designegdrate with less than 10% dead time. A trigger
primitive generator (TPG) compresses data fromelbetromagnetic calorimeter and drift chamber and
serves as the input to the L1 in the form of coreped calorimeter tower energy sums and drift chambe
track segments. Data from the ECAL is formed irdtsters around energy deposits representing isblate
particles. The ECAL data is partitioned in segmaftsSx5 calorimeter towers to the L1 FPGAs. Each L1
processor forms clusters by calculating all 2x1 éowwums within its partition. Data from the drift
chamber is used to reconstruct simple particlekgra€rack reconstruction is performed by linkingctk
segments together to form linear tracks that spendtift chamber. These processes are illustrated i
Figure 59. After the initial processing, the L1 foems track counting,  cuts, energy cuts, and track-
cluster matching to make the L1 decision. The ligger produces a 2 kHz event rate with a latency of
11-12 us. Space is reserved for an optional LYyergo further reduce the rate of events that rbaest
acquired by the DAQ. This optional trigger may peni more advanced track reconstruction based on a
silicon vertex tracker (SVT).

Data that has been filtered by the L1 (and optignthle L2) is read out into an event builder that
formats the data. Before the events are writtemags storage, they are further filtered by the 1D
processor farm. Because it can take a long timtiltp read out events from the detectors, the if no
dedicated L2 trigger is in place, L3 system is tdpaf performing a fast L2 filtering while readast
still taking place, provided that L3 event rates law enough. This fast filter operates using diaten the
SVT to perform primary vertex position cuts. The &80 performs slower filters regardless of the L2

trigger mechanism based on full event data frondtector read-out.
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The L3 trigger/DAQ farm is built with 10 64-bit PenwPC processors that are capable of

communicating via a token-ring architecture. Whesighing the L3 trigger, PowerPC processors were
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Figure 58. High-level diagram of the BaBar Triggerand DAQ system [147].

chosen over DSPs for two main reasons: the largecd@he available in the PowerPC processor isiusef
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for the data formatting and feature extraction peses that must be performed, and the multipliers
available in the processor are capable of singbdednteger and floating point multiplication, vakhle in

the reconstruction algorithms.
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Figure 59. BaBar L1 trigger algorithms [147].

9.4. Trigger Systems of the 2000s

As physicists strove to discover more rare phen@ntre event rates needed for their experiments
(and correspondingly, the data throughput of thégiger systems) increased substantially. At theesa
time that FPGAs were being adopted in greater nusnb&SICs were still needed to cope with the
tremendous data rates. These data rates alsogreater focus on the interconnection systems used i
triggers. Software triggers were being pushed fapplication specific instruction processors (ASIPs)
and DSPs to general-purpose processors, drivergbgleof improving programmability.

The PHENIX and STAR Experiments at the Relativisteavy lon Collider (ca. 2000)

PHENIX and STAR are the two largest detectors ketaat the Relativistic Heavy lon Collider
(RHIC). As its name suggests, RHIC is an accelerdat performs physics based on the collisions of

ions. It supports many different modes of operatiased on the ions being used, which can range from
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simple hydrogen ion (proton) collisions up to gad collisions. The RHIC operates at a bunch cragsi
frequency of 9.4 MHz. The event rate and amoumiatd generated per event depends heavily on tkee typ
of collisions. This is illustrated in Figure 60. &léer ions produce fewer collisions, however thesavy
ions also have higher energy and more mass. Thierefthen heavy ions collide, they produce a very

large number of post-collisions particles that maestracked and identified. This unique featurbedvy
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Figure 60. Event rates in the PHENIX experiment fordifferent ions [146].

ion colliders is reflected in the design of the RHE and STAR triggers.

The PHENIX experiment was designed to study thestt@n of ordinary matter into a special state
known as quark-gluon plasma. Although the RHIC &dminch crossing rate of 9.4 MHz, the interaction
event rate ranges from only 500 Hz to a few kHz PHENIX trigger is designed in a flexible way to
handle events from different types of ion colligoffhe L1 trigger has a latency of 36 us, whicimish

longer than the L1 latencies in most proton-anbtgmn and electron-positron colliders. The L1 is
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pipelined, allowing for dead-time-free operatiom foost collision types and up to 5% dead time akpe
luminosity [215]. The L1 modules are built on VMBdrds using a mixture of ASICs and Actel and
Xilinx FPGAs. The L1 is broken into two levels:@chl L1 that receives data from the detectors @28
Gb/s fiber channels per board and performs comjpress this data, and a global L1 that generates th
triggering decisions based on the compressed data the local L1. The global L1 implements its
algorithms by indexing into pre-programmed SRAMdshasLUTs that can be accessed via a
programmable crossbar. SHARC 21062 DSPs were aksbfor data transmission.

An interesting aspect of the PHENIX trigger is tlitakept copies of its decision data from each
pipeline stage in the L1 trigger in a FIFO regisigstem. These registers could be read out from any
stage to analyze the trigger output and detectsdoe to hardware failures. Data could also bégulis
into the registers to perform testing of downstreaontions of the trigger. This functionality is yer

similar to the concept of register scan chains lisatie field of Design for Testability. Becausetbé
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Figure 61. Data acquisition in the STAR experimenf147].
long latency of the trigger, these FIFOs held datal024 separate bunch crossings at any one time,

which probably made this implementation costlyamis of FPGA resources.



170

The STAR detector is another experiment at the RHI® number of events per bunch crossing in
STAR is very low — an average of just one eventgoessing. Because of the low event rate, the STAR
trigger is able to implement an atypical token-biasiggering system [216]. The STAR detectors ati s
into two groups: fast read-out and slow-readouts Ihot possible to read the slow detectors onyever
bunch crossing because it takes too long to extinectlata. The STAR trigger analyzes data fronfake
detectors and uses it to estimate which slow datgcif any, should be read out for that bunch siras
By selectively reading the slow detectors, deacktimmreduced. The process works as follows: An LO
Data Storage and Management (DSM) board perforitialiocomputation on digitized detector data from
the fast trigger. This processing is implementegipelined ASICs that add the number of hits in the
central trigger barrel and in multi-wire counte®atput from the DSM is fed to the Trigger Contrality
(TCU) which uses a 256K-entry LUT to select whidhthee slow detectors to activate, and sends a 4-bit
encoded trigger command that starts readout frareettdetectors (if the DSM does not recognize any
event, none of the detectors are selected). Whildification and digitization of the slow detecttata is
taking place, the L1 trigger uses a coarse pixelyafrom one of the trackers to attempt to deteemin
whether the event sensed by the DSM is a real physient or the result of a beam-gas interactfahel
latter, it can send a veto signal and abort readbtiie slow detectors. The L1 makes its veto daeis
within 100 us. In the next 5 ms, the L2 triggerfpens reconstruction on a fine pixel array. A deagr
showing the data flow in the STAR trigger is shawrrigure 61.

The L1 and L2 are both based on Motorola 2306 VMiEE@ssors running the VxWorks real-time OS.
To ensure that there is enough processing resoaragkable to finish event reconstruction withire th
latency deadline, a token-based processor arbitratiethod is used. When the TCU issues a trigger
command, it also assigns a token to the event iassdcwith the command. The TCU has a limited
number of tokens that can be active at any one taravoid overloading the L1 and L2 triggers, and

tokens are returned after an event has been regotest in the L2.



171

9.4.1. The H1 Experiment at the upgraded-luminosity HER#&®&erator (ca. 2001)

H1 was a detector used in proton-lepton collisispegiments at the HERA accelerator at DESY. It
was a general-purpose device that consisted obsilertex trackers, liquid argon and scintillatfitger
calorimeters, jet chambers, and muon detector0Bil, HERA was upgraded to increase its beam
luminosity by a factor of 5 [217]. To deal with thigher event rates, H1 was upgraded with a tradet
trigger system called the Fast Track Trigger (FTTHe purpose of the FTT was to create high-resmiuti

3-dimensional tracks to aid in the efficiency afgering on charged particle events [218]. To aquish
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Figure 62. Segment reconstruction scheme in the Hit HERA [151].

this, it needed to match the existing trigger’'s lafency of 22 us. The FTT was integrated into the
existing triggers 3-level trigger system. This f¢iég used L1 & L2 levels to select events for readou
After the L2 decision, data readout starts from dlegectors. The L3 trigger operates in parallehwit
readout and is only capable of aborting the actoiisof L2 events.

The L1 portion of the FTT creates rough track sagméased on hit data from a wire chamber. An

illustration of the segment reconstruction prodeshown in Figure 62. In this figure, the vertidakshed
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lines represent the detector wires and the hortadlls are shift registers. Hit data is shiftatbithe
registers. The system then tries to find a line gasses through multiple hit points in the regsstbthe
register cells were to be placed in 3-dimensiopake according the location of the associated avik

the time the hit was shifted in. An example of agdinal track is shown in the figure. Because itld/ide
computationally expensive to try to calculate alsgible tracks, reconstruction is done by readirnglee
shift register data and matching it against préngef hit patterns. In many other trigger systenis tiype

of operation would be done by forming the data emicaddress and indexing into a LUT. A disadvantage
of this approach is that it may require very langemories to hold the LUT. The FTT system insteagbus
content-addressable memories (CAMSs). In a CAM, ta derd is given instead of an address, and the
memory either returns a bit to indicate that theadaatched a word in memory (un-encoded mode) or
returns a list of addresses that contain that ¢etaoded mode). This operation is useful for patter
matching applications that often appear in trankifig algorithms. The FTT uses an Altera-based FPGA
that featured embedded CAMs.

A higher resolution track reconstruction algoritiisnperformed in the L2 portion of the FTT. Each
parallel board in the L2 system an APEX FPGA and\BFbased LUT to perform initial filtering, then
sends the filtered track candidates to a set af Td320C DSP processors. A load-balancing algorith
used to distribute work between the four DSPs. @H&SPs try to fit track candidates into planes gisin
polar coordinate-based processing. After the L2esyssignals the DAQ to acquire events, data froen th
L2 is passed to a processor farm of up to 16 CODS8egsors in the L3 trigger farm. The L3 trigger is
given up to 100 ps to perform fine analysis ofltBaracks and abort the acquisition of any tratiet aire

not deemed to be worthwhile.

9.4.2. Upgrades to the CDF Experiment for Tevatron Ruftdl 2001)
The CDF trigger system, originally commissionedhia late 1980s, was discussed earlier in the paper.
In order to continue providing new physics date, Tlevatron underwent a series of upgrades to ingprov

its beam power and luminosity. Here | will discisssne of the changes to the CDF trigger system to
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illustrate the evolution of trigger architectureteen the start of the experiment and the Tevatron’
‘Run-II' operations.

The upgraded accelerated featured a bunch crossim@f 7.6 MHz. The L1 trigger system was built
on FPGA technology and its latency deadline wasradeéd to 5.5 us. The trigger was upgraded to adead
time-free design, helping to ease the latency caimt Dead-time-free operation was achieved bly ful
pipelining the trigger hardware. The L1 ran at #ane clock speed as the bunch crossing rate and
featured a 42-stage pipeline [219]. This meant thatDAQ system had to be capable of buffering data
from at least 42 separate bunch crossings befartaeadout. Whereas the original L1 trigger had an
output event rate of a few kHz, the upgraded Ldgei had an output rate of 30-50 kHz. This meaait th
the upgraded L1 and L2 triggers needed to processrder of magnitude greater event rate than their
predecessors. The upgraded L1 used a hierarch@gndesth separate Muon, Track, and Calorimeter
Trigger modules processing data from separate tesen parallel, then feeding their detector-sfieci
decisions to a Global Trigger that made the finhldecision. A block diagram of the L1 and L2 trigge
architecture is shown in Figure 63.

The L2 trigger uses FPGA-based pre-processorsitay fil trigger primitives. The L2 features a
second-level calorimeter trigger and a trigger tfee silicon vertex tracker (SVT). The SVT tracksr i
placed in the L2 level because, like most trackiétskes a long time to be able to dump data ftben
tracker due to the large quantity of data produogdCCD-based detectors. Data from these two L2
triggers as well as data from the L1 trigger adected in the L2 Global Trigger. The L2 Global gger
is based on a DEC Alpha processor. The processomoanected with a custom MAGICBUS interface.
A general-purpose processor was desirable in thieelcause it could allow for the addition of additib
triggering algorithms during Run-Il that were notsidered before the start of the experiment.

After events pass the L1 and L2 triggers, the DA&Qds the triggered events to the L3 event builder
that consists of a farm of 48 COTS processors anesponsible for formatting the event data fangfer
to mass storage. Since this does not require &gnif processing power, a portion of the eventdauil

processors can be used to implement the full efffieconstruction algorithms on a small subset ef th
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events received from the L2. Performing full onlieeonstruction of a small number of events caa be

good way to provide rapid feedback to the operatdrshe accelerator and detectors to help them

DETECTOR SUBSYSTEMS
[cm_] [cm] lmunu] | SVX | CES
A
Y L

[

XTRP

[ EI_-"TL ] [Tnlﬁ.icu] [Htligm]

LEVEL 1

GLOBAL
LEVEL 2

LEVEL 2

Figure 63. Level-1 and Level-2 trigger architecturdor the CDF experiment [152].

calibrate the experimental parameters and trigdgorithms. COTS general-purpose processors are

effective in the L3 event builder because they jemsive and flexible. Another advantage is that
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processor farms are easily expandable; the progegsiwer of the L3 could be increased simply by

adding more processors until the bus bandwidthrbesahe limiting factor.

9.4.3. The CDF Upgrade for Tevatron Run-Ilb (ca. 2005)

Just a few years after upgrading the CDF triggestesy for Run-Il, the L2 trigger (which had
remained largely the same since the mid-1990s)ivedefurther upgrades. The motivation for these
upgrades was only for performance to meet the higimminosity of Run-llb, but also to improve
maintainability. The designers wanted to elimindite obsolete DEC Alpha processor and move away
from custom bus interfaces to standard-based auest The MAGICBUS protocol was replaced with S-
LINK and the DEC Alpha was replaced by a combimatad AMD Opteron and Intel Xeon processors.
The experimenters found that these new processens able to reduce the mean event processing time
from 13.6 ps for the Alpha to 1.3 us for the Opteroa significant improvement that could eitheowll
for more complex reconstruction algorithms, procegsef more events at the L2 level, or a reduction
the amount of buffering needed in the DAQ. A histmg comparing the event processing times for the
Opteron, Xeon, and Alpha are shown in Figure 64de the fact that the Xeon has a higher frequency
than the Opteron, the Opteron provides signifigahiher performance. This is attributed to beittésr-
processor communications buses, showing that datafer into and out of the CPUs is a bottleneck to
performance for when using modern CPUs. Anotharésting change comes at the L2 software level.
Whereas previous software triggers had used sttiplpevn real-time operating systems to ensure that
software met hard deadlines, the CDF designersdftliat the Linux 2.6 kernel provided good enough
real-time scheduling to be used in their L2 [22@0pvement to Linux may have been beneficial since it

provides a robust programming and debugging enrisont for the development of the L2 software.

9.4.4. The ATLAS, CMS, and LHCb Experiments at the Largedkbn Collider (ca. 2009)
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At the time of this writing, CERN’s Large Hadron lider (LHC) is the most powerful particle
accelerator in the world, and its experiments heomee of the most demanding performance parameters
for any trigger systems. The LHC is home to foujanaxperiments —ATLAS, CMS, LHCb, and ALICE.
ATLAS and CMS are complementary experiments desigrith the goal of discovering the Higgs boson

and studying theories that go beyond the StandasdeMof particle physics. The trigger systems for
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Figure 64. Event processing times for different proessor architectures in CDF Run-Ilb [153].

these experiments have similar parameters and ajearehitectures. LHCb is an experiment designed to
study CP-violation in interactions of particles taining beauty quarks. ALICE is an experiment
designed to study the physics of heavy-ion coltisjosimilar to the STAR and PHENIX experiments

discussed earlier in this paper.
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ATLAS and CMS are characterized by event ratesdiairf other experiments. Both run at a 40 MHz
bunch crossing rate and pick up 20-30 events pmssirg, for an average event rate of 1 billion per
second. In ATLAS the event size is 1.5 MB and in€Mis 1 MB, giving them each a data rate of dver
Petabyte per second [39]. Both ATLAS and CMS featarrhardware-based L1 Trigger and software-
based High-Level Trigger (HLT) (ATLAS divides thiato a separate software-based L2 trigger and
event builder). In CMS, the L1 trigger has a dexrisiatency of 3.2 us — however because there are
significant transmission times to get data from dleéector to the trigger, the actual computatiometis
less than 1 us. The L1 output event rate is ab@ditkHz, and the hardware is primarily based on FEGA
(Virtex-1l Pro and Virtex-4 connected by 2 Gb/saléihks [40] [41]) and high-speed ASICs for additio
sorting, and table look-up. Use of RAM-based LUTsl &PGAs with programmable firmware was
favored because as general-purpose experimentsjgger algorithms may need to be changed over the
course of operation. The ATLAS L1 trigger is al¥dGA and ASIC-based and has an output event rate of
75 kHz. Both of the experiments have unusuallyhiigput and output event rates. This is largely wue
the fact that production of the Higgs boson is fmted to be very rare, limited to about 1 in evéfy
billion events [221]. As a result, the systems nustess and keep a large number of candidated_The
triggers are also fully pipelined to ensure thatra@ events are missed due to dead time. Thedaitzh
rates and large number of events to be processetiebyardware systems required very large scale
systems, spanning thousands of FPGAs and ASIGsdkr to cope with this hardware complexity, CMS
and ATLAS use a variety of software to monitor axmhfigure the triggers [222] [223]. Because fully
testing such large systems in the field is veryidift, the experiments also rely on detailed saftsv
based emulators to test the efficiency of trigdgodthms [224].

The high output event rates from the L1 put a fgpressure on the software-based triggers. ATLAS
uses a more conventional architecture with a soévieased L2 trigger followed by a switching network
connected to more software-based event buildemndsmes called L3 triggers). CMS uses a less
conventional approach, with the L1 trigger directBeding the switching network, which is then

connected to a unified HLT as shown in Figure 6Be TTMS designers argue that this gives more
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flexibility to upgrade CMS’s L1 trigger hardwardnee it has a flexible interface through the swiitch
network rather than a fixed interface to an L2geig[225]. Both experiments have huge softwaressyst
based on general-purpose COTS processors. ATLAGp@eximately 80 server racks comprising 2300
nodes. Each node uses a 2.5 GHz quad-core Intel\@®lLhyperthreading, for a total of 18,400 active

threads. CMS’s HLT uses approximately 1000 dua¢ciPUs [226].

Detectors Detectors
Digitizers Digitizers
Front end pipelines Front end pipelines
HE s
Readout buffers Readout buffers
—— s
m Switching networks bd Switching netwaorks
Processor farms Processor farms
HEC S0

Figure 65. The CMS trigger architecture (left) comm@red to a traditional architecture (right) [158].

LHCb has somewhat different parameters from the deweral-purpose experiments. It has a lower
interaction rate of 10 million events per secohdldo has a much lower event size of 35 kB, howthe
output event rate of its L1 trigger is 1 MHz — sfgrantly higher than any other experiment. To reslu
the amount of internal trigger data from so mangnts, LHCb uses an LO system of FPGA-based
readout boards that perform zero-suppression anglesicompression to reduce the data rate by arfacto
of 4-8 [227]. Even after compression it still regsi 5,000 optical and analog links with a max badtdw
of 160 MB/s each. Because of the high event radehiag its HLT, LHCb also needs a very large

computing system. The HLT is composed of about@®GHz-equivalent CPU cores [228] [229].
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9.5. Trends in Future Trigger Design

The design of trigger systems is influenced by twimary factors: the physics properties of the
accelerator and experiment (bunch crossing ratskgoaund interaction rate, types of particles thatst
be identified, etc) and by the engineering requéasts and available technology (bandwidth, latency,
computational throughput, flexibility, design timemst).

Examination of trigger systems in this chapter shaat the physics requirements are highly
dependent on the type of accelerator and experimegieneral, the strictest requirements are placed
general-purpose experiments, such as ATLAS, CM8,GF, because they must have great flexibility
to handle multiple experimental goals. ATLAS and €&re already gearing up for a process of upgrades
to the LHC’s luminosity, dubbed the Super LHC (SDHThese upgrades will require several changes to
the trigger systems [230]. Higher luminosity meariarger raw event rate from the detectors. Inangas
the number of events per bunch crossing will predyreater pile-up and make it more difficult tolége
individual particles. One of the proposed solutismaild be to integrate data from the silicon tradkéo
the L1 level of the trigger. Since trackers prodoe@e data than most other detectors, this willdase
the bandwidth requirements of the L1 hardware.illt also make it necessary to perform some coarse-
grained track finding in hardware — a task whick heeviously been done in software. This upgrade is
only one part of a planned series of upgrades ¢oUHC. As has been touched upon already in
discussions of the CDF upgrades at Fermilab, tbegss of upgrading systems after they have already
been deployed is a common occurrence. As the secalecost of particle accelerators has grown very
high, it is reasonable to expect that there willelben more desire to upgrade existing accelerais
longer periods of time rather than undertakingekieemely costly process of building new accelesato
This will further motivate the trend of designirigXible trigger systems. It will also encourage tise of
modular architectures, such as the one describeithednCMS experiment [225]. Modularity allows
systems to be more easily upgraded and replacestheithat is done to meet the needs of new physics

experiments or to take advantage of faster ancehigbénsity hardware.
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From a hardware perspective, one of the most premhitnends has been the move away from custom
designs to off-the-shelf components. FPGAs aredhgpieplacing ASICs in L1 triggers. The use of
FPGAs not only grants greater flexibility due t@ throgrammable nature of FPGA firmware, but also
avoids the costly and time-consuming process dfyieg and validating the fabrication of a smallru
custom ASICs. Some modern FPGAs now provide emlieR#8C processors. Although this technology
does not seem to be in current use in trigger Bystehe ability to run simple high-level algorithros
high-throughput hardware could be an advantageystems that need to integrate some form of high-
level algorithms into their L1 architecture (likieet previously mentioned CMS and ATLAS upgrades).
Standard bus technologies, particularly VME, angidlg replacing custom buses, allowing for more
modular technology. Some efforts are in place tth&r modularize systems by using standardized
boards and crates to house the electronics.

General-purpose CPUs are also replacing domairifgppocessors and DSPs in the software-based
triggers. A primary driving force in this transitidias been a desire to reduce the time it takdedimn
and verify the software, which can sometimes bentiest time-consuming step in an upgrade process
[211] [220]. General-purpose CPUs can speed theldpment process because they use more familiar
architectures, have mature tool-chains, and mag hare robust OS and infrastructure support. Amothe
advantage is that general-purpose computing faem$e used for other tasks when the experimerttis n
operational. Although the prevailing trend is todsgeneral-purpose CPUs, there are some arguneents t
be made for the use of more domain-specific prases§he CMS HLT, for example, spends a large
fraction of its CPU time on muon processing usingaéman filter kernel [226]. Since that the softear
triggers in LHC experiments each consist of 1000sooes, there is potential for significant hardevar
reduction if the most expensive kernels can be laated through some means. Given that trigger
processing is highly-parallel and tile-based on eaetectors, an argument could be made that the
application might map well to a GPU-like architeetu however the current complexity of GPU

programming models serves as a high barrier totamop
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