Parallel Signal-Processing for Everyone by

Brett W. Vasconcellos

Submitted to the Department ofE lectr ical Engineer ing and Computer Science in Part ialFulfillment ofthe Requirements for the Degree of

Master ofEngineer ing in E lectr ical Engineer ing and Computer Science at the Massachusetts Institute ofTechno logy

Februar y2000

Ó Massachusetts Institute ofTechno logy1999. All r ights reserved.

Author __________________________________________________________________

Department ofE lectr ical Engineer ing and Computer Science

December 13, 1999

Certified by ______________________________________________________________

John V. Guttag

Professor, Computer Science and Engineer ing

Thesis Super visor

Accepted by _____________________________________________________________

Arthur C. Smit h

Chair man, Department Committee on Graduate Theses

2

Parallel Signal-Pr ocessing for Everyone by

Brett W. Vasconcellos

Submitted to the

Department ofE lectr ical Engineer ing and Computer Science on December 13, 1999, in partialfulfillment ofthe requirements for the Degree ofMaster ofEngineering in

ElectricalE ngineer ing and Co mputer Science

Abstract

We designed, implemented, and evaluated a signal-processing environment that runs on a general-purpose mult iprocessor system, allowing easy prototyping ofnew algorithms and integrat ion with applicat ions. The environment allows the composit ion ofmodules implement ing individualsignal-processing algorithms into a funct ionalapplication, automat ically optimizing their per for mance. We deco mpose the problem into four independent components: signal processing, data management, scheduling, and control.

This simplifies the programming inter face and facilitates transparent parallelsignalprocessing. For tested applicat ions, our systemboth runs efficient ly on single-processors systems and achieves near- linear speedups on symmetr ic-mu lt iprocessor (SMP) systems.

Thesis Super visor: John V. Guttag

Tit le: Professor, Computer Science and Engineer ing

4

Acknow ledgements

I would first like to thank to John Guttag for his guidance and support throughout my workon Pspectra.

I would also like to thank the members ofthe SpectrumWare group, without whommy contributions to this work would never have happened: Vanu Bose, Matt Welborn, and especiallyJohn Ankcorn for providing insight, both techno logically and grammat ically.

I amgrateful to Kathar ine Riso for encouraging me to stayat MIT and finish mythesis, and for br ightening my last year and a half.

I amalso grateful for the year s ofsupport and encouragement my parents have lovingly bestowed upon me.

6

Contents

1 INTRODUCTION ................................ ................................ ................................ ... 9

1.1 C

ONTEXT ................................ ................................ ................................ .......... 12

1.2 D

ESIGN G OALS ................................ ................................ ................................ .. 14

1.3 C

ONTRIBUTIONS ................................ ................................ ................................ 15

1.4 R

OADMAP ................................ ................................ ................................ ......... 16

2 DESIGN / SYSTEM ARCHITECTURE ................................ .............................. 17

2.1 H

ARDWARE ................................ ................................ ................................ ....... 17

2.2 W HY SMP M

ACHINES ? ................................ ................................ ..................... 17

2.3 M

ODULAR P ROGRAMMING E NVIRONMENT ................................ ......................... 18

2.4 I

NFINITE S TREAMS ................................ ................................ ............................. 19

2.5 T HE S IGNAL -P ROCESSING L OOP ................................ ................................ ......... 21

3 PSPECTRA PROGRAMMER´S VIEW ................................ .............................. 23

3.1 B

ASIC M ODULE S TRUCTURE AND R EQUIREMENTS ................................ .............. 23

3.1.1 Initialization ................................ ................................ ............................... 25

3.1.2 Signal-Processing Loop ................................ ................................ ............. 26

3.1.3 Example Module: FIR Filter ................................ ................................ ...... 27

3.2 S

PECIAL C ASES ................................ ................................ ................................ . 28

3.2.1 Unpredictable Input:Ouput Ratios ................................ .............................. 28

3.2.2 Unused Inputs ................................ ................................ ............................ 30

3.3 D

ESIGNING M ODULES FOR P ARALLELISM ................................ ........................... 30

3.3.1 Transforming a Module to Remove State ................................ .................... 31

3.3.2 Serializing a Module ................................ ................................ .................. 32

3.4 M ETA -M ODULES ................................ ................................ ............................... 32

3.5 C

ONTROL P ROGRAM ................................ ................................ .......................... 34

4 PARALLEL SIGNAL- PROCESSING ................................ ................................ . 37

T ASK P ARALLELISM ................................ ................................ ................................ .... 37

4.2 D

ATA P ARALLELISM ................................ ................................ .......................... 39

4.3 W

HERE P SPECTRA F ITS IN ................................ ................................ .................. 40

5 BUFFERING AND SCHEDULING ................................ ................................ ..... 43

5.1 D

ATAFLOW I MPLEMENTATION ................................ ................................ ........... 43

5.1.1 VrBuffer: Low-Overhead Circular Buffers ................................ ................. 44

5.1.2 VrGuppiBuffer: Low-Overhead Input/Output ................................ ............. 46

5.1.3 VrMUXBuffer: Redirecting Read Pointers ................................ .................. 46

5.1.4 Multithreaded Functionality ................................ ................................ ....... 47

5.2 S

CHEDULING ................................ ................................ ................................ ..... 48

5.2.1 Data Marking ................................ ................................ ............................. 48

5.2.2 Work ................................ ................................ ................................ .......... 50

6 PERFORMANCE ................................ ................................ ................................ . 51

6.1 L

ATENCY V ERSUS O VERHEAD ................................ ................................ ........... 51

6.2 S

OURCES OF O VERHEAD ................................ ................................ .................... 52

6.3 T

HROUGHPUT ................................ ................................ ................................ .... 52

6.3.1 Assumptions ................................ ................................ ............................... 54

6.3.2 Implications of the Memory Hierarchy ................................ ....................... 55

6.3.3 Maximum Optimal Block Size ................................ ................................ ..... 56

6.3.4 Comparison with Experimental Results ................................ ...................... 57

6.4 O

PTIMIZING THE P ERFORMANCE ................................ ................................ ........ 58

6.5 M

ULTIPROCESSOR P ERFORMANCE ................................ ................................ ..... 58

7 CONCLUSIONS AND FUTURE WORK ................................ ........................... 61

7.1 F

UTURE W ORK ................................ ................................ ................................ .. 61

7.1.1 Distributed Signal-Processing ................................ ................................ .... 61

7.1.2 Signal-Processing Compiler ................................ ................................ ....... 61

7.1.3 A Possible Commercial Application: Flexible Wireless Base Station .......... 62

7.2 C

ONCLUSION ................................ ................................ ................................ ..... 63

8 BIBLIOGRAPHY ................................ ................................ ................................ . 65

1 Introduction

As societ ybecomes increasinglydependent on electronic devices for communicat ion, entertainment, and medicine, the drive to develop smaller, cheaper, faster devices has made digitalsignal-processing increasinglyimportant. Despite this, designing new signal-processing subsystems remains a difficult task. Devices tradit ionally use specialpurpose signal-processing hardware, for which development tools remain relat ively poor.

Code is rarely reused; incrementalchanges are difficult to make and test; in general, development is a slow expensive process compared to mainstreamso ftware development.

We want to improve the waydevelopers (1) develop signal-processing algor ithms, (2) test and measure these algorithms using live data, and (3) integrate signal-processing wit h high- levelapplications. Specifically, we want these three tasks to be accessible to more people, and for development to be substant ially faster and less expensive overall.

In order to achieve these goals, we must leverage what already exists. Building on others´ work makes development much less time consuming and costly. What prior work can we take advantage of?

Fir st, we consider hardware environments. Designing and debugging hardware is traditionally a ver yexpensive part ofbuilding anydevice, especiallywhen specialpurpose hardware is required. We would like to reuse hardware designs fromapplicat ion to applicat ion.

Second, there are software tools: compilers, debuggers, profilers, librar ies ofexist ing code. We need to choose a plat formfor which these tools are available and well developed, a plat formalr eadyin use bymany developers.

Third, ifwe want to make signal-processing programming more accessible, we need to take commo n skills and exper ience into account. It is therefore important to choose a plat formthat supports commo nlyused high- level programming languages, making development easier for ever yo ne and opening up the field to virtually anyo ne wit h programming exper ience.

A general-purpose commodit yworkstation is the clear solut ion that maximizes the possibilit ies for leveraging exist ing hardware, software, and exper ience. General-purpose hardware is inexpensive because ofthe large vo lumes in production. Much effort has already been put into software tools and librar ies for general-purpose machines, resulting in significantly better tools than exist for other platfor ms such as DSPs. In addit ion, general-purpose machines are familiar to most programmers.

A few software environments (e.g., the Matlab Real-T ime Workshop and Ptolemy [P ino et. al. , 1995]) exist for developing signal-processing algor ithms and integrat ing theminto usable subsystems that runon general-purpose machines. Unfortunately, these environments are generally for building simulat ions, not real-t ime systems. In addit ion, commodit yworkstations do not have a wayo fgetting high-bandwidth streams ofdata into and out ofthe machine. A real-t ime signal-processing systemneeds so me addit ional hardware and software to achieve our goals on a general-purpose machine.

The SpectrumWare signal-processing environment consists ofboth hardware and software additions to a general-purpose mult iprocessor machine. A specialPCI card for high data-rate, synchronous I/O, the GuPPI [Ismert, 1998], allows us to receive and transmit high- bandwidth signals, and to get this data into and out ofthe computer´s main memor y. This card is usable on anymachine wit h a PCI bus, and requires onlya small device dr iver for whatever OS the computer is running (we use Linux, but the driver could be portedto other environments). The software environment is user level C++ code that provides an API for programmers to write signal-processing algorithms and to jo in these algorithms into a functionalsystem.

We would like our software development environment to aid programmers in building high-per for mance signal-processing subsystems for many applicat ions. It should scale well fro msmalltasks, such as receiving an AM or FM radio station, to more demanding tasks, such as our NTSC televisio n recept ion applicat ion [Ankcorn, 1998], or even

HDTV decoding or simultaneouslyprocessing manyaudio streams. Smaller tasks should require less powerful hardware, while co mplex tasks should be able to utilize mult iprocessor machines. Ifwe make our environment portable between different general-purpose hardware configurations, we can use less expensive, slower, hardware for some applicat ions and expensive mult iprocessor systems for others. Our environment needs to performsignal-processing efficient lyon ser ial and parallel machines. Inorder to make parallelsignal-processing accessible to as many programmers as possible (not just people who happen to be experts in wr it ing parallel programs), we would like parallel processing to happen transparent lyand wit hout changes to the ser ialcode.

Our ParallelS ignal-Processing Environment for Continuous Real-T ime Applicat ions

(Pspectra) provides a portable environment that transparently scales signal-processing algor ithms across mult iple processors. Pspectra provides a usable plat formfor future digitalsignal-processing development and efficiently runs signal-processing code on any general-purpose symmetric mult iprocessor (or single processor).

In developing Pspectra, we focused on DSP applicat ions that we call ^virtualradios.~

Virtualradios are radios implemented almost entirelyin so ftware, with hardware to digit ize a wide- band portion ofthe RF spectrumand feed the samples ( via the GuPPI card) into a general-purpose computer. In building a signal-processing environment designed for use in developing ^virtualradios,~ we realized that the same techniques are applicable to a wide var ietyo f^virtualdevices~ in which continuous, high data-rate, signal-processing can replace specialized hardware. Virtualradio applicat ions include software radios used for applications such as cellular and CDMA base stations, HDTV reception and transmissio n, and wireless networking. Future virtualdevices could include medicaldevices (e.g., EEGs, EKGs, ultrasound), radar and sonar equipment, and other applications for which DSPs are currently used.

In addit ion to those alreadyment ioned, we list below some ofthe many advantages of signal-processing applications implemented on a general-purpose workstation.

· The software can dynamicallyalter operating parameters or even algorithms dur ing operation. For example, Andrew Chiu developed a protocolfor a software wireless networkthat allows the link to change operating parameters such as frequency, bandwidth, and modulation in response to changing environmentalcondit ions and applicat ion requirements [Chiu, 1999].

· A portable environment allows us to easily upgrade the hardware to take advantage of perfor mance improvements and decreasing pr ices ofgeneral-purpose machines.

· Because the same hardware can be used for manyapplications and types of algor ithms, we can inexpensively prototype new real-t ime systems.

· S ignal-processing applicat ions can be easilyintegrated with exist ing applicat ions

(e.g., voice recognit ion so ftware, MPEG decoders, networking software).

· New, more efficient, algor ithms can often be developed on a general-purpose machine. For example, Matt Welborn designed a digital wavefor mtransmissio n algor ithmthat takes advantage ofthe large main memor yin these systems to efficient ly synt hesize wavefor ms [Welbor n, 1999A].

1.1 Conte xt

The two primar ychallenges in building anydigital signal-processing systemare input/output bandwidth and computational power. The most complex so ftware radio applicat ions, such as a cellular base station or a radar processing application, often require I/O speeds of100-1000 Mbits/sec and processing per formance in the range of1-

10 Gflops. Untilrecently, it was necessar yto construct a special-purpose architecture with 100 or more DSP processors to achieve this level ofper for mance. Manypro jects have proposed various combinat ions ofprocessors, interconnects, and topologies as the ult imate plat formfor software radios (e.g., [Ledecziand Abbott, 1994] and [Nalecz, et.

al., 1997]).

Modern processors have rapidlyimproved in per for mance and have added funct ionalit y to increase their signal processing per for mance (e.g., most processors now include SIMD instructions). In addition, bus and I/O speeds have increased dramat ically. A single moder n processor can now achieve over 1 Gflops for many signal-processing applicat ions. For example, the newest Intelprocessor, the Pentium III, includes a techno logycalled ^Streaming SIMD Extensio ns~ that can perfor mfour 32-bit float ingpoint mult iply- accumulates per two cycles and therebyachieve well over 1Gflop (e.g.,

600MHz ´ 4 / 2 = approximately1.2 Gflops peak processing power) [Intel, 1999B]. As processor clock speeds cont inue to increase, an SMP configurat ion with 4 or 8 processors willsoon allow peak per for mance ofover 10 Gflops. Lower end general-purpose processors (e.g., the IntelCeleron) can also provide per for mance at a cost comparable to high-end DSPs (e.g., the TI TMS320C62XX ser ies) 1 . The GuPPI card, described in

Chapter 2, provides 512 Mbit s/s continuous I/O on a standard PCI bus. Future versions ofthe card could provide faster I/O onone ofthe newer buses.

Previous work on parallel digital signal-processing has pr imar ily focused on specialpurpose systems ofDSP chips, rather than general-purpose workstations. Ptolemy[Buck et. al. , 1991] is a systemfor rapid-prototyping ofDSP algorithms. S ignalprocessing subsystems are built fromreusable C++ modules, and Ptolemygenerates DSP assembly code with a static scheduling algor ithmfor execut ion on a heterogeneous networkof

DSPs [Pino et. al. , 1995]. The software provides simu lat ion tools for running the algor ithms on a general-purpose machine, but does not support real-time operation on live data.

Others have built object-oriented C-based systems for distr ibuted memor ysystems such as the CrayT3E [DeLuca et. al ., 1997] and the Mercur yRACE ser ies [Mercur y, 1994].

S maller proprietar ysystems containing mult iple DSPs, such as the SpeakEasysystem,

1 For example, as ofOctober 1999, http://www.ti.co m/sc/docs/products/dsp/tms320c6211. ht mllists the TI TMS320C6211 with integer perfor mance co mparable to a 400MHz IntelCeleron at a similar pr ice

(around $40).

use a similar approach [Cook and Bonser, 1999]. These systems substant ially ease the signal-processing development process, especiallyby encouraging modular it yand code reuse. However, theyare often tailored to a specific set ofapplicat ions (e.g., radar signal processing). More importantly, distr ibuted-memory platfor ms impede the abilit yo fthese systems to hide the details ofparallel execut ion fromthe algor ithmprogrammer. The management ofthe distribut ion ofdata arrays and matr ices across the var ious processing elements seems to be particular ly difficult to hide fromthe programmer.

The SpectrumWare group demonstratedthe feasibilit yo fbuilding so ftware radios on general-purpose processors with SPECtRA (Signal-Processing Environment for

Continuous Real-T ime Applications) [Bose, 1999]. As our research group pursued more challenging applicat ions, such as receiving and transmitting digitalsignals such as HDTV or CDMA co mmunicat ions, we realized the originalSPECtRA needed to be redesigned for higher-per formance and lower-overhead operation. Alt hough the processing requirements for such signals exceed the computationalpower currentlyavailable in a single general-purpose processor, SPECtRA only supports single-threaded operation.

1.2 Design Goals

The pr imar ygoalofPspectra was to provide a toolto accelerate the development of signal-processing algor ithms. We decided to build a systemin which developers can wr ite code on a general-purpose machine and run their signal-processing code in realtime on live data. Signal-processing ^modules~ can be swapped within a program without affect ing other modules. A modular environment enables a programmer to focus on a particular step in the signal-processing chain and develop new algorithms to implement that functionalit y.

The var ious sub-goals considered in designing Pspectra fallinto three categories: (1) Ease ofuse, (2) Efficiency/Per formance, (3) Measurement:

· Ease ofUse

· The environment must provide a simple programming inter face that supports easy construction ofapplicat ions.

· Parallelismshould be hidden fro mthe programmer as much as possible. The environment should provide simple mechanis ms to help the programmer ensure correctness ofalgorithms when run on parallel machines.

· Efficiency/Per for mance

· The overhead o fPspectra must be low. The proportion ofsignal-processing work to cler icalwork performed bythe environment should be ver yhigh.

· The systemshould be able to dynamically use available processors, achieving near- linear speedups.

· The environment should have some automat ic mechanisms for optimizing perfor mance.

· Measurement

· The systemshould facilitate measurements ofindividual signal-processing modules to aid in the design and testing ofnew signal-processing algorithms.

These goals are evaluated in the context ofsignal-processing algorithms and data-flow in

^virtualradios.~ Our environment therefore works best, i.e., has the simplest programming inter face and the best performance, when used wit h virtualradios. In building and evaluat ing Pspectra, we discovered that similar approaches could also be applied to many types of^virtualdevices.~

1.3 Contributions

We demo nstrate a data-parallel based approach to signal-processing on a general-purpose symmetr ic mult iprocessor (SMP) machine that is flexible and effect ive. We characterize which algorithms can dir ect lyuse this approach and provide techniques for transfor ming algor ithms to enable themto use this approach.

An ^infinite stream~ abstraction enables us to separatethe signal-processing systeminto four independent components. We argue that this set ofabstractions allows bounds checks and other overhead to be removed fro mprocessing inner loops, dramat ically improving per for mance.

In addit ion, the Pspectra environment supports parallel execut ion ofalgorithms in a transparent manner. The applicat ions we tested achieve near-linear speedups. We also demonstrate the effect iveness ofoptimiz ing for cache occupancyrather than merelythe number ofoperations per formed.

Pspectra is a full- featured, stable environment that can be used in a production setting to develop, debug, and test signal-processing algor ithms and systems.

1.4 Roadmap

In Chapter 2, we brieflysketch the hardware architecture SpectrumWare uses to transfer high- bandwidth real-time data into and out ofa workstation and the high-level Pspectra environment. Chapter 3 descr ibes the details ofthe API chosen for Pspectra and the features available to the programmer, as wellas the responsibilit ies placed on the module developer.

The next three chapters discuss the unique issues encountered in building a parallel signal-processing environment and the analysis o fPspectra´s near-linear speedups.

Chapter 4 gives an over view ofprevious work on parallelsignal-processing systems and provides the motivat ion for Pspectra´s interface to the programmer. Chapter 5 descr ibes some interesting details ofPspectra´s implementation on general-purpose SMP machines.

Chapter 6 discusses the per formance ofthe Pspectra systemand the tradeoffs invo lved in building a ^high-per for mance~ system. We conclude wit h so me thoughts on future applicat ions for Pspectra and possible improvements.

2 Design / SystemArchitecture

Development ofPspectra and the applicat ions that use it has pr imar ily been on Intelbased plat forms, but the software is wr itten in C and C++ using the standard POSIX threads (pthreads) interface and could be easilyported to anyUnix ˘like system.

2.1 Hardware

Pspectra builds upon the same hardware architecture SPECtRA used [Bose, 1999]. This consists ofa general-purpose computer with a GuPPI PCI card and some analog hardware to interface with the outside world. Inthe case of^virtualradios~ (see Sect ion

1.2 ), SpectrumWare´s current focus, this hardware handles reception and down conversio n ofa wide-band portion ofthe RF spectrum, as wellas transmissio n. The

GuPPI card contains A/D and D/A converters and logic to directly transfer samples to and fro mthe computer´s main memor y[Ismert, 1998]. As part ofthe work described here, I implemented a new GuPPI driver that provides ver ylow over head read/wr ite calls that allow the user-levelprogramto receive or transmit an arbitrar ily large block ofdata with a single systemcall.

2.2 Why SM P M achines?

There are basically three architectures for bringing parallelprocessing power (other than instruction- levelparallelism) to bear on a problem: 1) a general-purpose symmetr ic mult iprocessor (SMP) machine, 2) distr ibuted comput ing on a networkofmachines, or 3) a distributed- memor ymult i-processor machine.

We chose SMP machines over the other two choices because the memor yhierarchy transparent lyhandles the low- level details ofinterprocessor communication and concurrency. The interface used for parallelprogramming on a particular architecture cannot, in general, be completelyhidden fro mthe programmer. Programmers are much more familiar and co mfortable working wit h the shared-me mor yparadigmimplemented byS MP than the message-passing inter faces used with distr ibuted-memor ymachines or networks. Completely hiding the message-passing inter face would be difficult; eit her the systemwould beco me less flexible or we would have to expose a messy and difficult parallelprogramming interface to the programmer. Using shared-me mor ySMP machines keeps the software simpler and makes the environment accessible to more developer s.

SMP machines also have a larger code base, enabling us to integrating exist ing software libr ar ies (such as MPEG encoders/decoders, voice recognit ion so ftware, etc.) into our applicat ions. Another big advantage over distributed-memor ysystems is our abilit y to run a commodit yoperating system(Linux) and to use its development tools: compilers, debuggers, profiling tools, etc.

2.3 M odular Pr ogramming E nvir onme nt

The basic structure ofthe programming environment is interconnected signal-processing modules. Modules are intended to be reusable and contain signal-processing code for a particular algor ithm(e.g., FM demodulation or NTSCsync-pulse detection). This modular structure allows new algor ithms to be swapped in for older algorithms, facilitat ing the development ofnew signal-processing techniques. The systemcan also measure the perfor mance ofeach module separately, helping programmers build more efficient algor ithms.

Pspectra´s provides an ^infinite stream~ abstraction for allcommunication between modules. This inter face allows us to separatethe signal-processing systeminto four independent components:

· the setup and controlofmodules (e.g., the modificat ion ofparameters via so me user interface),

· the actualsignal-processing algorithms (encapsulated in the var ious modules),

· the dynamic scheduling ofthe var ious signal-processing modules using a gener ic scheduling algor ithm, and

· data management and buffer ing, including the sharing o fdata between processors.

Programmers using the Pspectra environment write the fir st two ofthese components, which change fro mapplicat ion to applicat ion. We built gener ic scheduling and data management algor ithms into the Pspectra system.

Programmers using Pspectra write two different types ofcode: signal-processing algor ithms and related controlcode. Allcode related to a particular signal-processing task resides in a single C++ class (or ^module~). To produce the finalsignal-processing applicat ion, the top-level controlprogramcreates and init ializes the modules, connects themtogether, and init iates the Pspectra signal-processing loop. This controlprogram also handles any other components ofthe program, such as the GUI.

2.4 Infinite Streams

Modules exchange data with other modules through ^infinit e~ data streams. Each module mayhave mult iple outputs and mult iple inputs. All in-band interact ion between a pair ofmodules is confined to a single, one-way, ^infinite~ streamofdata connecting the modules. Data is generated by^sources,~ processed byso me chain o fmodules, and consumed by ^sinks.~ Sinks ^pull~ data downstream˘ this enables the systemto avoid generat ing inter mediate data that is not necessar yfor the production ofthe finaloutput data.

Locations in a streamare ident ified by a 64-bit index, numbered sequent ially beginning with zero. Modules use indices to reference ranges ofdata in their input and output streams. Pspectra then provides modules with point ers to the actualdata in memor y.

This allows the environment to separate the implementat ion of^infinite~ streams from boththe signal-processing and the scheduling ofthe var ious signal-processing tasks.

Alldata storage in Pspectra is encapsulated in infinit e streams. We implement infinite streams with fixed-size circular buffers that use a virtualmemor ytrick to ensure data never has to be copied and always appears cont iguous (see Section 5.1.1 ). Each buffer keeps track ofwhich portions o fdata have been written bythe corresponding upstream module and are therefore safe for use bydownstream modules. On mult iprocessor systems, buffers also track portions ofdata the different processors are producing to avo id replicating work. Everybuffer has associated ^connectors,~ which connect the buffer wit h downstream modules reading data fromthe buffer. Connectors keep track of what portions ofthe buffer are in use by different processors and allow the buffer to decide when it is safe to reuse space in the buffer. Modules wit h mult iple inputs have mult iple connectors associated with different buffers (see Figure 6 in Chapter 5 ).

Modules´ use ofindices enables the environment to transparent lyrun a module in parallel on different portions ofdata (see Figure 1). Ifthe processing produces the same results independent ly ofthe order ofrequests for output blocks, the module can take advantage ofmult iple processors without explicit coding. Some signal-processing algorithms do not meet this condit ion; Sect ion 3.3 discusses strategies for modifying a module to allow it to produce blocks out-of-order correctlyor for ser ializing the module when this modification is not possible.

... ...

... ...

Thread 2

Thread 1 Thread 3

Raw input data

Output data (audio, video�)

Figure 1 Multiple threads process different data in parallel (a ^data parallel~ paradigm)

Mult idimensionalstreams ofdata (e.g., video, audio fro man arrayo fmicrophones, etc.)

can be co mposed into a one-dimensio nalstreamofdata bychoosing an appropriate access pattern for the data (e.g., video scan- lines). Different access patterns mayimprove perfor mance for different signal-processing algorithms [ Wat lington and Bove, 1995].

2.5 The Signal-Pr ocessing L oop

After the init ial setup ofthe modules and ofthe environment, Pspectra runs a two-phase loop (discussed in Section 5.2 ). During the fir st phase (the ^data-marking~ phase), the scheduler finds one or more modules whose inputs are ^ready,~ that is, theyhave already been co mputed bythe appropriate upstream module. This module or modules can therefore produce data without blocking. The scheduler ^marks~ this output data and mo ves onto the second phase.

Dur ing the second phase (the ^work~ phase), the signal-processing modules process the marked data. When a module finishes producing a portion ofdata, Pspectra marks the data as completed, or ^ready,~ so that in future iterations the scheduler knows that other modules dependent onthat data can be scheduled.

We run this loop on a single-processor systemwithout the use ofextra threads by perfor ming other tasks (e.g., the GUI) between iterations ofthe loop (see Section 3.4 ).

On mult iprocessor systems, this two-phase loop runs in parallel on each processor, with synchronization mechanisms only necessar y in the scheduling phase. Because Pspectra spends the bulk ofthe processor time (often more than 99%, see Section 6.2 ) in the second phase (doing the actualsignal-processing work), lock contention is low and the overhead fro mthe scheduler is minimal. We can reduce overhead by marking and working on larger blocks ofdata, since the cost ofrunning the scheduler is independent ofthe size o fthe blocks that it marks. Section 6.4 discusses Pspectra´s mechanis ms for automat ically optimizing systemper for mance.

22

3 Pspectra Programmerś View

This chapter describes the programming inter face to Pspectra and the ways the module programmer can help Pspectra achieve maximumper for mance. We kept the Pspectra inter face as simple as possible, while providing maximumflexibilit y in module and topologydesign.

3.1 Basic M odule Str uc ture and Require me nts

This sect ion descr ibes the structure ofa Pspectra signal-processing module and the responsibilit ies placed on the implementor ofthe module. Well-wr itten modules are essent ial for efficient performance ofthe system.

Modules refer to data using indices (see Section 2.4 ). To refer to a range ofdata in an input or output stream, a VrSampleRange 2 object is used, which contains a starting index and a size (see Figure 2). Streams do not always produce constant rateoutput data;

modules choose what data to store at anypart icular index.

Programmers implement modules as C++ classes that extend the Pspectra base class

VrSigProc . This sect ion descr ibes the funct ions that a module must implement to interact with the system, divided into funct ions that are runonce dur ing init ializat ion and funct ions that are run repeatedlyin the signal-processing loop.

2 Vr stands for VirtualRadio, see [Bose et. al. , 1998B] for a discussio n ofVirtualRadios.

2 3 4 5 6 7 8 1 9

VrSampleRange

Start = 3

Length = 4

� �

Figure 2 A range of data within an ^infinite~ data stream

Each block is numbered with its index and represents one unit ofdata.

To understand how these functions interact to influence the behavior ofa module, examine Figure 3. The environment calls initialize() and mapSizeUp() once dur ing the init ialsetup ofthe signal-processing topologies (see Section 3.1.1 ). Then forecast() and work() are called alternat ively. Pspectra´s scheduler uses the data-dependencies returned by forecast() to determine what upstreamdata must be computed first. Pspectrathen computes this data (bycalling forecast() and work() on other modules), and finally instructs the original module to compute its output bycalling work() .

Figure 3 Flowchart illust rating the operation of PSPECtRA

Init ialization initialize(), mapSizeUp(), called on each module.

PSPECtRA determines buffer sizes and the blo ck size, N , to be used for the sink (the module at the end ofthe signalprocessing chain).

S ignal-processing Loop

Forecast() called on module x . This returns the input ranges,

I x , that module x requires to produce N outputs.

Has stop() been called?

Are the inputs I x ready?

Start processing with the sink ( x = the sink).

Recursivelyrun the loop with x = upstream module

Call work() on module x , passing in pointers to the input and output data locations.

HALT

No

Yes

No Yes

The separat ion of forecast() and work() allows the systemto performall data management and scheduling functions and frees the signal-processing algorithmin work() fro moverhead such as checking that its input data has been co mputed or that space is available in its output buffer.

Init ialization begin at the ^sinks~ that terminate the chain o fprocessing modules and propagates upstreamthrough allthe modules. Scheduling proceeds in two-phases, a

^data- marking~ phase, which proceeds upstream, fo llowing data-dependencies in a ^datapull~ fashio n, and a ^work~ phase, which proceeds downstreamto produce the output data.

3.1.1 Initialization

Before signal-processing can begin, Pspectra must init ialize the modules and the buffers that implement the ^infinite~ streams. This process acco mplishes three things:

· Pspectra calls initialize() on each module to allow the module to init ialize module-specific parameters,

· Pspectra determines the size required for each buffer based on the number of processors, the block size for each sink, and the behavior ofupstreamand downstream modules (as determined bycalling mapSizeUp(), see Section 5.1.1 for a discussio n ofhow the buffer sizes are chosen), and

· Pspectra attempts to determine the optimalblock size for each sink (see Chapter

6 ).

3.1.1.1 initialize()

Pspectra calls initialize() to allow the module to performanynecessar ysetup after the module has been connected to other modules. Because input and output sampling rates are properties o fthe individual infinite streams in P spectra, module parameters that depend on sampling rate should be configured in initialize() (since the streams do not exist when the constructor is called). Atypicalexample is a filter that computes its tap values in initialize() (see Section 3.1.3 ).

A module may also wish to call setOutputSize() in its initialize() procedure to fix the smallest number ofunits on which the module will run (for example, a particular interpolating filter maycreate three output points per input and thus have a natural outputSize ofthree). Pspectra guarantees w ork() and forecast() are called with a mult iple of outputSize .

3.1.1.2 mapSizeUp()

MapSizeUp() returns the maximumnumber ofinput samples required for the module to generate N output samples. MapSizeUp() allows Pspectra to determine the space required for data buffers to hold all the necessar ydata for the operation ofthe system(see Sect ion

5.1.1 ).

3.1.2 Signal-Processing Loop

After the init ial setup ofthe modules and ofthe environment, Pspectra runs a two-phase loop on each available processor. The fir st phase is the ^data-marking~ phase, dur ing which Pspectra uses forecast() ´s return values to find modules whose inputs are ready.

Pspectra ^marks~ these modules´ output data to tell other processors not to workon the same data. Inthe second phase, Pspectra calls the work() procedures ofthese modules to instruct themto produce the marked data.

3.1.2.1 forecast()

The module developer must implement this method to infor mPspectra what input data is necessar yto produce a particular range o foutput data. For example, a filter with a history of h would request n+h units ofdata to produce n outputs. Pspectra uses forecast() to determine what work needs to be done upstreamand to schedule work appropriately on the available processors. Ifthe required inputs are not precisely known, the module should return a best guess.

Ifthe range returned by forecast() does not include all the necessar ydata, work() will later determine that the guess was incorrect (see Section 3.2.1 ). In this case, Pspectra will call forecast() again. This mechanism results in a per for mance loss, so forecast() should err onthe side ofreturning a larger range than necessar y, in order to avoid rescheduling.

Too large ofa range, however, will also results in per formance loss and increased latency in the system.

One caveat: Pspectra assumes that input data use will be processed in a monotonically increasing fashio n. Ever ything preceding the input data range returned by forecast() is effect ivelythrown out and unavailable to produce later outputs. Ifthe module might need this data at a later time, it must include this data in the range returned by forecast() .

3.1.2.2 work()

This is the heart ofever ymodule, where the actualsignal-processing takes place.

Pspectra provides as arguments pointers to input and output data locations in memor y, along with indices corresponding to the locat ion ofthe data in the ^infinite streams.~

Work() then enters a loop to producethe requested outputs and returns the actualnumber ofoutputs it was able to produce fromthe available inputs, which should usually be equal to the number requested. Ifthe module needs more input data than originallyrequested

(with the return value of forecast() ), work() returns without comput ing all the output data and forecast() is called again byP spectra to determine what data is now needed (see

Section 3.2.1 ).

3.1.3 Examp le Module: FIR Filter

This is so mewhat simplified C++ code for an FIR filter. Note that modules can have mult iple inputs and mult iple outputs, which explains the need for arrays in the arguments for forecast() and work() . Forecast() ensures that there willbe enough input data that the expressio n inputArray[j] always corresponds to valid data.

void VrFilter::initialize()

{ taps=buildFilter(numberOfTaps);

} unsigned int VrFilter::mapSizeUp(int inputNumber, unsigned int size) { return size + history - 1;

} void VrFilter::forecast(VrSampleRange output,

VrSampleRange inputs[]) { for(unsigned int i=0;i<numberInputs;i++) { inputs[i].index=output.index;

inputs[i].size=output.size + numberOfTaps-1;

//numberOfTaps is the size of the taps[] array.

}

} int VrFilter::work(VrSampleRange output, oType *o[],

VrSampleRange inputs[], iType *i[]) { float result;

unsigned int size = output.size;

for (;size>0;size--,i[0]++) { //increment pointer to input # 0 iType* inputArray = i[0];

/* Compute the dot product of inputArray[] and taps[] */ result = 0;

for (int j=0; j < numberOfTaps; j++) result += taps[j] * inputArray[j];

*o[0]++ = (oType) result; //output the result to output # 0

} return output.size; //all outputs completed

}

3.2 Special Cases

This sect ion descr ibes so me ofthe more advanced features ofPspectra´s interface, which onlybenefit a select set ofmodules.

3.2.1 Unpredictable Input:Ouput Ratios

Pspectra was designed to work best with predictable signal-processing modules that facilitate a data-parallelstrategy. However, a few signal-processing modules cannot take advantage ofthis strategyand must be run ser ially. Many other signal-processing modules run ver ypredictably wit h occasional corrections necessitated bydata loss or loss ofsynchronization. This sect ion provides some pointers for making these unpredictable and semi-predictable modules run well under Pspectra.

To handle unpredictable, or data-dependent, input:output ratios, forecast() guess what input data the module willneed and work() returns the actualnumber ofoutputs(less than or equalto the number requested) produced using this input data. IfPspectra asked the module to compute n outputs and work() discover s that the input ranges forecast() requested are in fact inadequate, then work() returns the number ofoutputs it was actually able to generate, m . Pspectra calls forecast() and work() again to complete the n-m unfinished outputs. Note that this causes the scheduling algorithm to be run extra times and can degrade per formance. However, the programmer can take steps to make rescheduling rare. We willdiscuss techniques for the two types ofmodules that generally use this functionalit y: var iable-rate modules and lossy data-reception modules.

3.2.1.1 Variable-Rate Modules

A good example o fa var iable-rate module is a compression (or decompressio n) module.

S ince a compressio n module eventually uses all its input data, there is no penalt yfor requesting more data than is necessar yfor the production ofthe current block ofoutput data. Therefore, the best wayto handle the fact that the compressio n rate is unknown is to define mapSizeUp() and forecast() so theyassume the maximum co mpressio n ratio expected under normal operation. (Choosing too large ofa number increases boththe size ofthe buffer s and the latencyo fthe module, however.) This means work() will almost always have enough data to produce n units ofoutput. Inthe rare case that the compressio n rate exceeds this maximum, work() returns the number ofoutputsit was able to produce fromthe inputs forecast() requested. Pspectrathen reschedules the module to finish the rest ofthe output data. A deco mpressio n module would assume a compressio n ratio of1:1 (no compressio n) and would therebynever need to request rescheduling.

3.2.1.2 Lossy Reception

As an example oflossyrecept ion, consider a wireless network receiver module that throws out packets that have bad checksums. Pspectra may call forecast() and work() to produce, for example, 10 packets. The module, through forecast() ´s return value, tells

Pspectra that it needs 10 packets ofinput to produce 10 packets ofoutput. Work() may then look at these 10 packets and pass ononly 7, discarding 3 bad packets. Pspectra would then call forecast() and work() again to finish 3 more output packets. Ifpacket loss is a commo n event, this rescheduling can be avo ided by having forecast() (and mapSizeUp() ) assume a loss rate of, for example, 50%. Inthis case, forecast() would produce overlapping requests for 20 input packets to meet downstreamrequests for 10 output packets. (For example, first requesting packets 1-20, then 11-30, 21-40, etc.)

Note in the original example here that mapSizeUp() would return 10 when given an argument of10, even though the module mayneed more than 10 input packets during actualoperation ˘ the keyhere is the module may change which 10 it examines by forcing Pspectra to call forecast() again (effect ively sliding the input window as necessar y).

A recept ion module that must staysynchronized wit h the inco ming signal(e.g., televisio n reception) may use a similar approach byper iodically skewing which inputs the module requests to produce outputs.

3.2.2 Unused Inputs

Modules mayhave input streams that go unused dur ing the production ofa particular block ofoutput data. For example, a particular mult iplexing module may read 1000 bytes fro mone input module fo llowed by 1000 bytes fromanother input module. Inthis case, forecast() must stillreturn a VrSampleRange for the unused input(s). This range should be a zero length range to indicate no data is needed, with the starting index equalto the smallest index that the module may request in the future. Pspectra uses this infor mat ion to determine what data can safely be thrown out.

3.3 Designing M odules for Parallelism

Manyco mmo n signal-processing algor ithms can take advantage ofPspectra´s implicit parallelism, while others require explicit controlofparallelexecut ion or cannot be run in parallelat all.

For Pspectra´s implic it parallelism to work, a module´s work() procedure must produce the same outputs regardless ofwhat order blocks are produced in. For example, producing block N before block N-1 should result in the same output data as producing these blocks in order. The combinat ion ofPspectra´s scheduling algor ithmand the uncertaint yin the relat ive execut ion speed ofdifferent threads makes this order unpredictable.

Modules that satisfy the necessar yout-of-order condit ion will run correctlywhen

Pspectra runs themin parallel. The programmer need do nothing specialother than ver ify out-of-order correctness for his module. Pspectra willrun work() on mult iple processors to produce different blocks ofoutput data.

This out-of-order correctness condit ion maybe hard for the average programmer to ver ify. A toolfor ver ifying this condit io n would make this easier, but does not currently exist. One simple sufficient condit ion is that a module´s work() procedure never modify the module´s state var iables or other observable externalstate. A module that meets this condit ion also meets the necessar ycondit io n for correctness.

Ifa module does modify state in its work() procedure, the programmer must either manually eliminate race condit ions or else per for mone ofthe fixes descr ibed below.

Otherwise, the module mayoutput corrupt data or cause more ser ious systemerrors. The next two sections discuss techniques for modifying an algor ithmthat does not meet the out-of-order correctness condit ion either to avoid the use ofstate, or to force Pspectra to ser ialize the module.

3.3.1 Transforming a Module to Remove State

Manysignal-processing algorithms that seemto require ser ial execut ion can often be modified slight lyto allow parallel execut ion. For example, for manyIIR filters, truncating the input to a reasonablysmall historyresults in negligible errors in the filter´s output. For these IIR filters, we can implement a close approximat ion that does not change its state as it processes data: for ever youtput block, the filter uses enough extra input samples to ensure the first output sample is reasonablyaccurate. This allows blocks to be computed independent lyo feach other. Ifthe filter´s historyis reasonablysmall compared to the block size, the addit ional over head is negligible. This enables parallel execution and also preserves the abilit y ofPspectra to avoid co mputing data that isn´t needed downstream.

3.3.2 Serializing a Module

When a module´s work() procedure needs to force data to be computed ser iallyinstead of in parallel, it calls sync() , which allo ws work() to safelyuse state that the module modified dur ing the production ofpast outputs. Sync() ensures that no other processors are computing (or will later compute) datathat precedes the datathis thread is comput ing.

In other words, allprevious data has been co mpleted. Other threads may be running work() on later data, however. For example, in Figure 1 above, ifT hread 2 calls sync() ,

Thread 2 will wait for Thread 1 to finish but the callwillnot affect the operation of

Thread 3 (since fro mThread 2´s perspect ive Thread 3 is operating in the future).

The var iable-rate compressio n example introduced above (Section 3.2.1.1 ) would have to use the sync() call since the module only knows exact lywhat input data is needed to produce a block ofoutput data after it has finished the previous block ofoutput data. An

IIR filter also requires all the outputs to be generated in order, and therefore requires the use of sync() , unless we applythe transfor mat ion descr ibed in the previous sect ion.

Using sync() prevents Pspectra fromrunning the module in parallel. Other modules can still run in parallel, but the systemwilldemo nstrate superior perfor mance when it can run all modules in parallel.

3.4 M eta-M odules

One element contribut ing to Pspectra´s overallease-of-use is its abilit yto bundle mult iple signal-processing modules into a single larger module. The larger module can be exportedto other programmer s for use in their systems while maintaining an abstraction layer that allows the sub- modules implement ing it to be changed or rearranged.

Meta-modules can be built fromanysignal-processing modules. For example, consider the two modules VrSyncDetect (which detects sync pulses in a signaland outputs indices corresponding to their location in the input data stream) and VrDecodeFrame (which decodes the data framed bysync pulses). These modules can be co mbined into a single module VrDecodeSyncedData for easier use in applicat ions. The meta-module does no processing itself, but simplycreates the appropriate sub-modules, connects their inputs and outputs, and provides methods to access visible methods on the component modules.

A meta-module creates its component modules in its constructor and overrides connect() , which connects the module´s inputs to an upstreamoutput buffer, and getOutputBuffer() , which returns the module´s output buffer (see Section 5.1 ). The meta-module´s connect() and getOutputBuffer() implementations redirect inputs and outputsrespectivelyby calling the corresponding methods onthe components modules.

For example, VrDecodeSyncedData would overr ide connect() to call connect() on each of its co mponent modules to connect each ofthemto the data source, and then connect() on

VrDecodeFrame to connect its second input to VrSyncDetect ´s output. The meta-module would overr ide getOuputBuffer() to call getOuputBuffer() on the component

VrDecodeFrame module, overr iding the default behavior ofcreat ing a separate buffer for

VrDecodeSynchedData .

Source signa l

VrSyncDetect

VrDecodeFrame

Output data

VrDecodeSyncedData

Source signa l

VrSyncDetect

VrDecodeFrame

Output data

Figure 4 An examp le meta-module

3.5 Contr ol Pr ogram

The controlprogramcreates allthe modules, configures their parameters, connects them in an appropriate topology, and enters a processing loop. It init iates bycalling start() on a sink (or on VrMultiTask , which handles topologies with mult iple sinks). Calling start() runs the init ializat ion process descr ibed above (Section 3.1.1 ) and begins the actual signal-processing.

After calling start() , the controlprogram loops, calling process() repeatedlyon the sink, which runs an iterat ion ofPspectra´s scheduling algor ithm. The controlprogram may perfor mother tasks, such as running a GUI, or dynamicallychanging parameters in the system, between calls to process() . On mult iprocessor systems, start() creates new threads to performthe signal-processing and process() does nothing. The program may end the processing and cleanup any remaining threads bycalling stop() onthe sink.

Here is an example Pspectra programthat demodulates an FM channel, filters the audio, and plays it onthe computer´s speaker.

void main() {

/* Create the signal-processing modules */

VrGuppiSource<char>* source = new VrGuppiSource<char>();

VrComplexFIRfilter<char>* channel_filter = new VrComplexFIRfilter<char>(CFIRdecimate,cTaps, chanFreq,chanGain);

VrQuadratureDemod<float>* demod = new

VrQuadratureDemod<float>(quadGain);

VrRealFIRfilter<float,short>* if_filter = new VrRealFIRfilter<float,short>(RFIRdecimate,realCutoff, realTaps,real Gain);

VrAudioSink<short>* sink = new VrAudioSink<short>();

/* Connect Modules */

CONNECT(sink, if_filter, audioRate, 16);

CONNECT(if_filter, demod, quadRate, 32);

CONNECT(demod, channel_filter, quadRate, 64);

CONNECT(channel_filter, source, gupRate, 8);

/* Start System */ sink->start();

while(sink->elapsedTime() < SECONDS) sink->process();

sink->stop();

}

Note that modules in Pspectra almo st always use templates that allow different data types to be used. The two filter s shown take parameters to configure the number oftaps to use, the center or cutoff fr equency for the filter, and a gain. Both filters also decimate the signal, producing a lower-rate output. CONNECT connects modules together, and optionallytakes sampling rate and bits-per-sample parameters to performa sanit ycheck onthe modules passed to CONNECT . The signal-processing loop in this example simply runs the systemfor SECONDS seconds.

36

4 Parallel Signal-Processing

This chapter outlines past work in parallel signal-processing and the weaknesses in past systems that inspired Pspectra. Past work is basically divisible into two categories: task parallelism and data parallelism.

4.1 Task Parallelis m

Task parallelis m(Mult iple-Program, Mult iple-Data, or MPMD) can take two for ms:

designers achieve parallelis meit her through pipelining or bysplitt ing mult iple channels across different pieces ofhardware. A pipelined system splits the var ious signalprocessing tasks across different physicalprocessors (e.g., one processor running a filt er ing algorithm, another performing demodulat ion, etc.; see Figure 5). Large mult ichannelsystems split the processing so that each channel (e.g., in a mobile base station) is processed on a separate DSP chip (e.g., AirNet Communicat ions Corporation´s GSM base station). Some systems may even use a combinat ion ofthese two for ms oftask parallelism, using a separate pipeline ofprocessors to process each channel.

Processor

2

Processor

1

... ...

Processor

3

Output data (audio, video�)

(Demodulation �)

(Filtering)

(Video/Audio

Processing �)

Figure 5 Task Parallelism

Task parallelism great lysimplifies the hardware design. The design is similar to the corresponding analog systems, with digitalprocessing subst ituted for the analog components and subsystems. The pipelined approach allo ws a modular design ofboth hardware and software; different development teams can work on each task separately.

Different DSPs are chosen for different portions o fthe signal-processing systembased on their suitabilit y for particular algor ithms, and to balance the pipeline, allowing the hardware to be tailored to the applicat ion at hand. In addit ion, a straight forward implementation ofthe physicaldatapaths for passing signals fro mone processor to the next, mimics the datapaths in the analogous analog circuit. Unfortunately, task parallelism faces three real-world problems: poor scalabilit y, poor accommodation of incrementalimprovements, and inefficient use ofresources. Designer s may make a trade-offbetween these last two. For example, a systemthat ver yefficient lyut ilizes the resources available leaves no roomfor the later introduction ofmore processor-intensive algor ithms.

Task parallelis mscales ver ypoorlyin general. The number oftasks present in the signalprocessing chain limits the maximumnumber ofprocessors. Veryprocessor intensive algor ithms (e.g., radar or real-t ime image processing) require another strategyfromthe start, since no one processor can provide enough computational power for a single task in some ofthese algor ithms.

Second, task parallelism encourages customizat ion ofthe hardware to the current applicat ion result ing in special-purpose hardware with poor sensit ivit y to algor ithmic upgrades. For example, ifthe designer wishes to replace a particular channel filter algor ithmrunning on exist ing hardware wit h a more computationallyintensive algor ithm in order to eliminate unforeseen interference, the new algor ithmmay exceed the computationalpower ofthe DSP allottedto it. The hardware must be redesigned, even if some ofthe other DSPs are not fullyut ilized bythe tasks assigned to them.

This inflexibilit yis also the root ofthe third failing oftask parallelism: inefficiency.

Tasks either utilize one processor exactlyto its maximum capacit y, leaving no roomfor upgrades, or theyleave computational capacit y unused. In addit ion, unused capacit y often cannot be pooled together, so, for example, extra cycles available on the processor doing the demodulat ion cannot be used to help beef up the channelfilter ing algor ithm running on another processor. In addit ion, ifone ofthe tasks in a systemis too processor-intensive for anysingle processor, task parallelism fails completely.

4.2 Data Parallelism

The second methodologyfor paralleldigitalsignal-processing systems is data parallelism

(Single-Program, Mult iple Data, or SPMD). Systems emplo ying this strategypartit ion the data (e.g., in time). This allows much better scalabilit y, in theory, since ever y processor runs the same program, and adding processors simplyrequires splitt ing the input data into more blocks. Data parallel systems also have more potential to accommodate software-onlyalgor ithmchanges and to dynamicallychange their operation (e.g., using less processing power, and thus less electr icalpower, when environmentalcondit ions are better than the worst case). Data parallelsystems can also encourage more software reuse since algor ithms always run on similar hardware.

Tradit ional DSP designers have trouble implementing data parallelsystems for two reasons. First, DSPs usually have a ver y limited code space, preventing themfrom efficient ly running allthe tasks in a signal-processing chain. Second, communicat ion among DSPs is much more complex than in task parallelis mand requires specifically designed interconnects, often using a message-passing protocol. Still, many data parallel systems have been built, including Mercur yComputers´ RACE® Architecture and radar processing systems such as [Nalecz, et. al. , 1997]. These systems have made great strides into more flexible and powerfulsoftware signal-processing systems, but still require the programmer to include explicit paralle lis min the algor ithmand rely on a complex applicat ion-dependent controlprogramfor effic ient operation. Most systems also provide no abilit yto dynamically change their operation (e.g., to react to changing environmentalcondit ions).

4.3 Where Pspectra Fits in

As illustrated in the previous sect ion, data parallelis mappears to offer great promise for building a scalable, flexible, and efficient signal-processing system. Ease-of-use is the biggest hurdle to overcome. Choosing general-purpose SMP machines avo ids manyo f the difficult ies encountered in message-passing systems. Memorysubsystems on SMP machines guarantee cache coherency, which allows processors to transparent ly share inter mediate data. Pspectra´s ^infinite streams~ build on this memor ymodel bytracking which data each processor is using and recycling buffer space as needed.

Pspectra is not a strict lydata parallelsystem, however. Rather, it incorporates a combinat ion oftask and data parallelism in its scheduler; each processor does not always run ever ytask in the signal-processing chain, but mayrun one or more tasks as necessar y.

This method ofscheduling is more robust when the system must respond dynamicallyto unforeseen environmentalchanges (e.g., ifsynchronizat ion is lost and extra work needs to be done in the synchronizat ion module in order to resynchronize). It also results in lower overhead for signal-processing chains in which there are large decimat ion or interpolation factors. Ifa processor tried to run such a chain fromstart to finish, the modules at the lower sampling rates would produce many fewer samples per iteration of the scheduler, and thus overhead would increase relat ive to usefulwork done (see Section

6 ).

Alt hough we chose SMP machines for the first implementation o fPspectra, a messagepassing versio n ofPspectra could provide a similar interface for parallelsignalprocessing on massivelyparallel machines or networks ofworkstations (see future work,

Section 7.1.1 ). Message-passing would complicate the implementation ofthe infinite streams, ofthe scheduler, and ofthe modules themselves. In addit ion, ensur ing good perfor mance would require different mechanisms than those discussed in Chapter 6 .

The suitabilit y ofgeneral-purpose processors for signal-processing has been established, especiallybecause theyare relat ivelystrong in most ofthe areas useful for signal processing. For example, manyprocessors now include SIMD instructions, which accelerate many co mmo n signal-processing algorithms; see Section 1.1 for more details.

Pspectra achieves a flexible and simple inter face for programming signal-processing applicat ions on general-purpose SMP machines.

42

5 Buffering and Scheduling

Because ofPspectra´s partit ioning strategy, algor ithms avo id per forming anyscheduling or data buffer management in their inner loops. This minimizes systemoverhead compared to realwork done bythe algor ithms. The data buffers allow processors to share intermediate data in the data parallelapproach to signal-processing, as descr ibed in the previous sect ion.

5.1 Dataflow Imple me ntation

S ignal-processing modules in the Pspectra systemco mmunicate data using ^infinite streams~ as an abstraction for input and output. Each module can directly read and wr ite a range ofdata in a steamusing a pointer provided by Pspectra. The streams are implemented using two classes, VrBuffer and VrConnect , which implement two abstractions: ^buffers~ and ^connectors~ (see Figure 6).

Modules mayhave mult iple outputs (e.g., a module that separates the left and r ight audio streamfro ma stereo input), each represented bya VrBuffer object. The ^buffer~ is simply a circular data buffer with a single wr iter (the module) and mult iple readers (the

�

Module 2

Connector

�

Module 3

Connector

�

Module 1

Circular

Buffer

Figure 6 Buffer and Connectors

^connectors~). A single wr it ing module can have mult iple, parallel instant iat ions, which can simultaneouslywr ite disjo int portions ofthe buffer.

Each input ofa module is a VrConnect object associated with a particular VrBuffer object. The separation ofthe infinite streamfunct ionalit yinto these two objects simplifies allowing mult iple downstream modules to connect to a single VrBuffer object.

Downstream modules share data produced bythe upstream module, avo iding the recomputation ofdata used bymult iple modules. In addit ion, data produced and stored in the buffer by one processor maybe read by the other processors.

We willdiscuss three implementations ofthe buffer s: VrBuffer , which buffers the output ofmost modules; VrGuppiBuffer , which shares the data in the buffer with the GuPPI dr iver; and VrMUXBuffer , which efficient lyredirects reads to one ofa number ofother buffer s. VrGuppiBuffer and VrMUXBuffer extend the VrBuffer class and thus share the same ^infinite stream~ semant ics for both input and output.

5.1.1 VrBuffer : Low-Overhead Circu lar Buffers

The VrBuffer class implements a circular buffer with a single wr iter and mult iple readers.

To cut downoverhead seen in the originalSPECtRA system[Bose, 1999], Pspectra´s buffer s take advantage ofthe virtualmemor ysystem to allow modules to read and write arbitrar ilylarge chunks o fdata in the buffer without checking for ^buffer wrap.~ In a standard circular buffer (such as in SPECtRA), the data a procedure is reading or writ ing may be split into two pieces, as seen at the top ofFigure 7. An algorithm reading or wr iting data in the buffer must ^wrap~ around to the beginning ofthe data once it passes the end ofthe buffer ´s memor yregio n. This requires the addit ion ofchecks (or extra instructions for modular arithmet ic) dur ing data access and pointer manipulat ion.

VrBuffer maps the data buffer twice consecut ively in virtualmemor y, as shown in the bottomhalfo fFigure 7. This does not increase the amount ofphys icalmemor y used, but requires the length ofthe buffer to be a mult iple ofthe page size. Modules are given a pointer to data in the fir st copyo fthe buffer. The modules can then access an arbitrar ily large (up to the size ofthe buffer) chunk ofdata without checking for ^buffer wrap.~ The details o fthe actualbuffer (such as its size and where it ends) are completely hidden from the module programmer. The module avo ids all the overhead invo lved in checking for buffer wrap (or in using modular ar ithmet ic to increment the pointer). VrBuffer translates the index (see Section 2.4 ) for a read or write request into a pointer in the first virtual memor yspace. This calculat ion requires just one AND and one ADD instruction for page-aligned buffers that have a size that is a power oftwo.

The size ofthe buffer is calculated during init ialization o fthe module topology. The buffer for a particular module must be large enough for one blo ck ofdata to be produced at alldownstreamsinks. The buffer sizes are calculated by the same algorithmthat calculates optimal block sizes, as discussed in Chapter 6. When the systemuses mult iple threads, this size is conser vat ivelyadjusted bymultiplying the required size for the single-threaded case by the number ofthreads that willbe running. (In practice, the data required by the var ious threads usually over laps.)

Figure 7 Use of virtual memory in VrBuffer

Buffer

Wrap

Start End

Standard circular buffer

1st copyofbuffer in virtualmemor y 2nd copyofbuffer in virtual memor y

Start pointer (beginning ofvalid data)

End pointer (end ofvalid data)

5.1.2 VrGuppiBuffer : Low-Overhead Input/Output

VrGuppiSource and VrGuppiSink replace the default output and input buffer, respectively, with a VrGuppiBuffer object. VrGuppiBuffer uses the GuPPI driver to map the GuPPI DMA buffers into the source´s output buffer and the sink´s input buffer. This allows data to be direct lyread fro m, or written to, the DMA buffers. The driver´s DMA buffer is mapped twice consecut ivelyin virtualmemor y, to allow the same operation as in VrBuffer .

5.1.3 VrMUXBuffer : Redirecting Read Pointers

The VrMUX module switches between mult iple input modules. It achieves this wit hout copying data from its selected input to VrMUX ´s output buffer byusing another subclass of VrBuffer , VrMUXBuffer . VrMUXBuffer does not allocate memor yfor a buffer, but instead replaces the index-to-pointer routine with one that retrieves a pointer into the selected upstreambuffer. This pointer allows the downstream module to read data direct ly(and transparently) fro mthe selected upstreambuffer.

For example, Figure 8 depicts an audio receiver streamthat allows VrMUX to switch between AM and FM demodulators without reconfigur ing the topology. VrMUX allows the controlprogramto quicklychange the execution topologybetween a set ofpredetermined topologies. In addit ion, VrMUX skips data on the unused inputs byreturning zero size ranges fro m forecast() (see Section 3.2.2 above), allowing Pspectra to refrain fro mproducing data in the unused portion ofthe topology.

Figure 8 VrMUX passes data from one of its inputs to its output without actually copying any data. Circles rep resent buffers.

Reads directed to upstreambuffer

� � Channel

Filter

AM

Demodulat ion

VrMUX

FM

Demodulat ion

The VrS witch module also uses VrMUXBuffer to allow a portion ofthe topologyto be turned off. The downstream module reads zeros when the switch is off. It is funct ionally equivalent to a VrMUX module with a VrZeroSource module (which outputs zeros) as its second input.

5.1.4 Multithreaded Functionality

Pspectra allows mult iple threads to execute a particular module´s work() procedure simultaneously. This means mult iple threads maybe wr it ing different, non-overlapping, ranges o fdata in a buffer. Although there is only one module wr it ing to a buffer, there may be many threads wr it ing to the buffer at anyone time. VrBuffer and its subclasses keep track ofthe ranges each thread is wr it ing and what data has been completed. This allows Pspectra´s scheduling algor ithm(see Sect ion 5.2.1 ) to determine what data can be computed downstreamwithout blocking. VrConnect keeps track ofthreads that are reading data froma particular downstream module´s input. VrBuffer uses its associated

VrConnect objects to determine when data is no longer being used downstream. VrBuffer then reuses this space within the circular buffer.

VrConnect and VrBuffer use a simple, linked- list, imp lementation for tracking reading and wr it ing threads. This could probably be improved, but is current lynot a performance problem, because we use a small number ofthreads and the use and update ofthese lists is relat ivelyinfrequent in the operation ofPspectra.

Keeping track ofdata use in the infinite streams frees the module programmer fro m concerning himselfwit h the tediumo fdetermining when to reuse buffer space. Pspectra ensures that no module willever ^over flow~ the buffer by overwr it ing data that a downstream module is still using. Eliminat ing these checks fro mthe module greatly improves the effic iencyo fPspectra´s infinite streams. In addit ion, ensur ing that concurrent writes under mult it hreaded operation are disjo int and do not over flow the buffer s is a so mewhat difficult job. Because Pspectra handles this, the programmer can rest assured that the dataflow implementation is correct in a parallelenvironment. The efficient implementation and simple semant ics ofPspectra´s ^infinite streams~ are one of the primar yreasons for its success.

5.2 Sc heduling

The scheduler implements a data-pullst yle ofsignal-processing, which provides good cache efficiency and can avo id the production ofunnecessar yinter mediate data [Bose,

1999].

The Pspectra scheduling algor ithmworks in two phases. Inthe fir st phase, the scheduler searches the topologyto find a ser ies ofmodules whose input data is ready. The processor then marks this data to prevent anyother processors fromworking on the same data. Then the second phase runs work() on the chosen modules to produce the marked data.

5.2.1 Data Marking

Pspectra implements a data-pullparadigm; scheduling starts with the sinks and proceeds upstreamonlyby fo llowing data-dependencies. This lazy-evaluat ion st yle ofsignalprocessing enables Pspectra to avoid co mputing intermediate data that is not necessar y for the production ofthe finaloutput data.

The scheduler attempts to schedule a consecutive string ofmodules to help keep data in the cache between the execut ion ofdifferent modules. The scheduler starts with a block ofdata (whose size is deter mined by the algor ithmdiscussed in Sect ion 6.3.3 ) at one of the sink modules. To determine if this blo ck can be scheduled for computation, the scheduler recursively checks the block´s data dependencies, i.e., the data ranges returned bycalling forecast() onthe module that produces the block. To schedule a block, the condit ions listed below must be met.

· No more than one data dependencymay be inco mplete.

· Ifone data dependencyis not complete, then this data must also be scheduled for computation in this iteration (and thus must also meet these requirements).

· Ifmore than one data dependencyis inco mplete, this block cannot be scheduled, but the scheduler may choose one ofthe data dependencies to mark (provided it meets these requirements).

· Allother input data was completed in a previous iteration ofthe scheduling algor ithm.

The input data ranges are determined by the return value of forecast() . The scheduler marks data in a consecutive str ing ofmodules (e.g., A

Æ B Æ C in Figure 9). The first

module in this string ( A) is eit her a source, which has no inputs, or has inputs that are

ent irelyco mplete. Subsequent modules (B and C) use data computed both in previous

iterat ions and in this iteration. For example, module C may use data that B and D

computed in previous iterations in addit ion to the data Bwill co mpute on this iteration.

Scheduling a string ofconsecutive modules helps ensure that as much data as possible

remains in the cache. In our example, most ofthe data module B reads willst ill be in the

cache since module A has just written it.

In the current implementation, only one thread may run the data-marking portion ofthe

scheduler at atime. This helps ensure correctness and prevents the loss ofper for mance

that could be encountered bymult iple threads duplicat ing work in this phase. This global

�

�

�

Module A

Module B

Module C

Module D

Figure 9 An example module topology lock is not a ser ious perfor mance problem since the data-marking phase is short

compared to the work phase and thus is a small fract ion o fthe totalrunning t ime. In

practice, the threads tend to become staggered such that ver ylitt le lock contention is seen

in the scheduler.

5.2.2 Work

In the second phase ofthe scheduling algor ithm, Pspectra calls work() on the appropriate

modules ( A, B, and C in our example above) to produce the marked data, re-marking the

data as ^completed~ after each return from work() . This phase proceeds in the opposite

direct ion as the marking phase, comput ing data first in the upstream modules (e.g., A)

before proceeding downstream.

Pspectra efficient ly executes signal-processing code. Work() is passed pointers to input

and output data and need not include any code to check ifinput data is ready, ifbuffer

space is available or will wrap, etc. It can simply run a tight signal-processing loop to

produce output data frominput data.

In modules that cannot always accuratelypredict their input requirements (see Section

3.2.1 ), work() may signalthat not allo fthe output data was completed. Inthis case,

Pspectra terminates the work phase prematurely and unmarks any downstreamdata that

had not been co mputed (e.g., ifB did not finish the requested data, C would not be run

and its output data would be unmarked). The scheduling process then begins again in the

data-marking phase to reassess what needs to be computed (e.g., B mayneed A to

generate more data before it can compute anyt hing).

6 Performance

Fir st we willfocus onthree aspects ofthe overall per for mance o fPspectra: latency,

overhead, and throughput. We examine how the size ofthe scheduled blo cks affects these

three measures o fper formance, with supporting measurements ofPspectra 3 . We discuss

the tradeoffbetween these factors and which factors we chose to optimize for and why.

Section 6.4 discusses how Pspectra automaticallyoptimizes the per formance for any

signal-processing topology. Section 6.5 willfocus on how Pspectra´s per formance scales

on mult iprocessor machines ( its ^speedup~).

6.1 Late ncy Versus Over he ad

Pspectra is a soft real-time system˘ alt hough there are no hard bounds onthe latency of

any signal-processing topologyin Pspectra, we would like the systemto operate with the

lowest latency possible (e.g., to improve interactive per for mance). To achieve low

latencies, we would like as little data in the buffers as possible, thus the systemto run on

ver ysmallpieces ofdata and move infor mat ion fromsources to sinks as fast as possible.

Unfortunately, running on extremelysmallblocks ofdata dramat icallyincreases the

overhead bothofscheduling the modules and within the modules themselves ( fro m

computation in the work() routine that is not in the inner loop and fromthe procedure

call). Pspectra optimizes the block size for a given signal-processing topologyto

maximize usefulprocessing power. Ifextra processing power is available after this

optimizat ion, the application could dynamicallyreduce block sizes to decrease latency.

3 Version 0.7 of Erik Hendr iks´s ker nelpatch (hendr iks@cesdis.gsfc.nasa.gov), which

virtualizes the IntelPent ium Per formance Monitoring Counters [Intel, 1999A], allows

Pspectra to maintains per-process counts ofthe totalcycles, cache misses, etc. spent in

each module´s work() procedure, as well as overall counts for the entire system.

6.2 Sources of Over head

Figure 10 shows the percentage ofprocessor time spent scheduling blocks (versus doing

useful work) with increasing block size 4 . Overhead includes: the ent ire data-marking

phase ofthe scheduler, allco mputation done in modules´ forecast() procedures, all

inter nalPspectra code executed during the work phase ofthe scheduler, all

synchronization operations, and cycles lost due to lock contention ˘ ever ything not within

the bodyofa work() procedure. The block sizes in Figure 10 represent the number of

8kHz audio output samples produced froman AMPS reception topology. Block sizes

above 512 produce undesirably large latencies (over 1/16 ofa second). This graph

demonstrates that Pspectra can run with small latencies and st illachieve scheduling

overhead of1-2 percent.

Further overhead not measured in Figure 10 results fro mthe procedure callto work() and

the setup a module does before and after its inner loop. This overhead is seen in the left-

hand portion ofFigure 11. This graph measures the average number ofprocessor cycles

required to performa quadrature demodulat ion. The unoptimized C++ code for the

quadrature demodulat ion consumes about 125 cycles per output. Pspectra´s overhead at

the module level beco mes insignificant above a block size ofabout 40. This is roughly

true for most signal-processing modules we examined.

6.3 Thr oughput

Looking again at Figure 11 above, it is apparent that the processing requirements for a

module r ise by about 20-25% for large block sizes (2560 and above). This results

because upstreamdata is flushed fro mthe cache before the downstream module has a

chance to use it. Although in this example, these block sizes represent undesirably large

4 The aberrations for the four-processor curve (at block sizes of512 and 4096) are due to

a 4MB limitation on shared memor ysegments (which are used for buffer memor y). Due

to large decimat ion factors in the applicat ion we measured, the upstreambuffer s must be

more than 2000 times the block sizes at the sink. This forced block sizes above 256 to

actually not be computed allat once, and exposed some nonlinear inefficiencies in the

scheduling algor ithm.

Cycles per sample produced for various block sizes

0

50

100

150

200

250

300

5 10 20 40 80 160 320 640 1280 2560 5120 10240 20480 Block Size

Cycles (for Quadrature Demodulation)

One Processor Four Processors

Figure 11 Graph of the number of cycles required to produce a

sample for various block sizes.

Scheduling Overhead for Various Block Sizes

0

10

20

30

40

50

60

70

80

90

1 2 4 8 16 32 64 128 256 512 1024 2048 4096 Block Size

Overhead (%)

One Processor Four Processors

Figure 10 Graph of scheduling overhead for various block sizes latencies, this same pheno menon would be present demodulating higher data-rate

channels (e.g., televis io n) at much lower latencies and therefore mer its attention. Block

sizes must be kept smallenough to allow the cache to hold allthe data produced bythe

upstream module.

To achieve the maximumthroughput possible for a given module topology, Pspectra

should run wit h the largest block size that does not incur perfor mance losses fro mcache

misses. This section descr ibes how Pspectra estimates this optimalblock size. First, we

descr ibe the assumptions we made about the cache and the implicat ions ofthe memor y

hierarchyon module design. We then descr ibe the formula for comput ing the maximum

efficient block size. Last ly, we compare the theoretical results wit h the exper imental

results depicted in Figure 11.

6.3.1 Assumptions

In calculating the theoreticaleffects ofPspectra signal-processing onthe processor´s

cache, we make so me assumpt ions about the behavior ofthe cache. First, the cache size

available to the Pspectra process is assumed to be that ofthe ent ire phys icaldata cache.

This is plausible as signal-processing is quite data-intensive and will co mpletelyflush the

cache ofother data during a Pspectra process´s timeslice. Since each Pspectra thread is

intended to take up most ofthe processor time on the processor to which it is assigned,

Pspectra´s data will be remain in the cache even between context switches, i.e., we

assume litt le interact ion fromother processes and the kernel.

We also assume that each module can create an output block fro mavailable input data

without using a significant fract ion ofthe cache for storage ofintermediate data. Ifthis

assumpt ion is not valid, Pspectra will incorrectly optimize cache per formance.

The cache is assumed to be a perfect LRU cache, which is a reasonablyaccurate

approximat ion ofthe IntelPent iumcaches.

6.3.2 Implications of the Memory Hierarchy

To take better advantage ofthe general-purpose processor´s memor yhierarchy (which

usually consists ofmult iple levels o fcaching and a slow but large main memor y), the

originalSPECtRA system[Bose, 1999] implemented a lazy-evaluat ion, data-pull

architecture. This allowed data to be generated only when it was needed and thus used

immediatelyafter being wr itten. This greatly increased the probabilit yo finput data´s

presence in the cache for anypart icular module. SPECtRA, however, exper ienced high

overhead because the scheduling algor ithmwas called in modules´ inner loops and

modules ran on ver ysmall blocks o fdata (only producing what was immediately

necessar yto compute the next downstreamoutput sample). Lazy-evaluat ion and data-

pullare also emplo yed in Pspectra, although Pspectra attempts to determine the largest

block ofdata that the entire signal-processing chain can co mpute without overflowing the

cache and allows the modules to do the work without anybuffer management or

scheduling routines in their inner loops.

The programmer should be aware that increasing the number ofmodules in the system

increases cache content ion, since data must be stored in memor y buffers between

modules. Modules should be bundled together in a manner that takes advantage of

compiler optimizat ions and faster register-only computations. Alt hough Pspectra has

minimalover head for buffer management 5 , the more data modules put into buffers, the

less theycan process before filling the cache. A good example o fmodule optimizat ion is

the addition o fa gain parameter into a filter module, since the gain can be incorporated

into the filter taps with no addit ional processing requirements. This is a much better

solut ion than a separate amplificat ion module that mult iplies ever ysample by a fixed

gain, not only because incorporating it into the filter results in fewer mult iply operations,

but also because not using a separate module results in much less cache pollut ion. This

allows the systemto runon larger block sizes, and thus with less overhead. The goalis to

5 The overhead ofcopying data fromcached input to output buffers is only4-10

cycles/ sample compared to the useful work of100-1500 cycles/sample for typical

modules (on IntelPIII 500MHz).

minimize the amount ofdata that runs throughthe cache to produce a single output from

the system.

6.3.3 Maximum Optimal Block Size

To determine how much data can be co mputed before the cache is filled, we simplyneed

to sumthe amount ofdata each module ( m ) reads into the cache to produce N units of

output at the sink ( s ), set this sum equalto the cache size ( C ), and solve for N:

å ´ =

m m m r b C

where:

=

m r m -> mapSizeUp( 1 - m r ) i.e., the amount ofdata read bymodule m dur ing the

production of N output units at the sink. ( mapSizeUp() is

descr ibed in Section 3.1.1.2 )

=

m b the size ofa unit ofmodule m ´s input data, in bytes.

As an example applicat ion, we shallconsider an FM receiver for a 30kHz AMPS channel

using a 400 tap FIR filter (see Figure 11). The amount ofdata read to produce Noutput

units (of8kHz 16-bit audio):

Source signal (33 MHz)

VrComplexFIRFilter VrQuadDemod

VrGuppiSource

VrRealFIRFilter

Channel

(40 kHz )

Audio data (8 kHz)

VrAudioSink

Figure 12 Topology for an AMPs cellular receiver

Module Units read Size ofinput

unit in bytes

Bytes read

VrAudioSink N 2 (short) 2N

VrRealFIRFilter

(20 taps, decimat ion

of5) mapSizeUp(N)=

19+5N 4 (float) 76+20N

VrQuadDemod

(historyof2) mapSizeUp(19+5N)=

20+5N 8 (complex) 160+40N

VrComplexFIRfilter

(400 taps,

decimat ion of825) mapSizeUp(20+5N)=

400*(20+5N) 1 (char) 8000+2000N

TOTAL 8236+2062N

Running on a systemwith a 512 Kbyte cache, we should be able to produce (512*1024-

8236)/2062 » 250 units ofoutput fromthis topologybefore we encounter loss of

perfor mance fromcache misses.

6.3.4 Comparison with Experimental Results

In the previous sect ion we argued that for a particular FM receiver, Pspectra can produce

250 units without exper iencing degradation in per for mance due to cache misses. The 250

units ofdata at VrAudioSink corresponds to 5*250=1250 units produced bythe

quadrature demodulator. Examining Figure 10 again, we see that the performance ofthe

quadrature demodulator is indeed negat ively impacted as block size increases from1280

to 2560. However, block size is not as important to the performance ofindividual

modules as it is to the performance ofthe scheduling algor ithm. Figure 10 demonstrates

that the per formance onlydegrades by20% after the block size is 8 times optimal. The

^sweet spot~ for optimal per for mance in the modules is quite large ˘ over an order of

magnitude ofchange in block size ( fro m80 to 1280). Drastic per formance degradation

onlyoccurs when blocks are ver ysmall or too large to fit ever yt hing in the cache.

6.4 Optimizing the Performance

Based on the analysis above, Pspectra automatically attempts to optimize the

perfor mance ofthe signal-processing topology. A static computation based on the cache

size (which can be easilyquer ied on a PIII Linux system, see [Intel, 1999A] for details on

this feature) determines the block size dur ing the setup procedure described in Sect ion

3.1.1 .

Pspectra arrives at the block size throughthe method illustrated in Section 6.3.3 . This

block size insures cache- fr iendlyco mputation and a low scheduling overhead at the

expense oflatency. This block size maybe tweaked statically bythe programmer if

Pspectra´s optimizat ion algor ithmfails to achieve optimalper formance (e.g., ifthe

assumpt ions in Sect ion 6.3.1 do not hold). The program itselfma ydynamically change

the block size to reduce latency( if more processing power is available) or to reduce

scheduling overhead ( for ver ydata-intensive programs in which the block size calculated

above is too small to actuallyachieve optimalper formance).

Pspectra modules that use a small proportion oftheir input data mayoverr ide the function

averageInputUse(). AverageInputUse() returns a conservat ive est imate ofwhat fract ion

ofcache lines in its inputs are actuallyused (a number between 0 and 1).

AverageInputUse() defaults to returning 1 and can be overr idden to help Pspectra choose

a larger block size and thus slight ly improve per formance for modules that skip

significant portions o ftheir input. For example, a particular decimat ing filter mayonly

read a quarter ofits input samples, skipping large portions o fdata, in order to produce all

ofits output samples and will thus return .25.

6.5 M ultipr ocessor Performance

As shown in Figure 13, Pspectra achieves a near linear speedup for some typicalsignal-

processing applications running on up to four processors. Our data parallelapproach

allows us to achieve this speedup even for applications such as the AMPS receiver, where

over two-thirds ofthe processor cycles are spent in a single module (the channel filter).

We believe Pspectra will scale just as well on machines with more than four processors;

our data parallelapproach scales to an arbitrar ynumber ofprocessors. Our exper ience

indicates that most applications can take advantage ofthe data-parallelapproach, even if

some modules wit hin the applicat ion must be run ser ially (e.g., for synchronization).

In addit ion to the applicat ions shown in Figure 8, which have a small number ofmodules,

we tested Pspectra´s perfor mance for applicat ions wit h large numbers ofmodules. Figure

14 illustrates how Pspectra scales wit h the number ofchannels in a mult i-channel AMPS

receiver. Such a receiver would be a keyco mponent in a software cellular base station.

Note that processor usage scales close to linear lywit h the number ofchannels, both on

one and four processors. Note also that receiving two channels on a single-processor

machine is only1.5 times as processor-intensive as receiving one channel! This is

because in generat ing the second channeland subsequent channels, the channelfilter

reuses the same inputs, which are alreadyin the cache. Finally, note that the processor

utilizat ion in the four-processor case is roughly one-fourth ofthe single-processor

utilizat ion (e.g., six channels is about 80% ofone processor, and 20% ofa four-processor

machine), indicat ing Pspectra achieves linear speedups for topologies consist ing ofa

large number ofmodules.

Figure 12 Mutliprocessor Performance (Speedup)

Speedup

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

1 2 3 4

# of processors

Single Commercial FM station

Four AMPS channels

Linear

We tested four processors up to fullut ilizat ion, at 32 channels, which uses 97 dist inct

modules. This result indicates that current SMP techno logyeasily has enough

horsepower to build smallwireless base stations. As processors become ever more

powerful, the possible applicat ions ofPspectra will mult iply.

Figure 12 PSPECtRA’s performance on systems with large

numbers of modules

Multiple channelAMPS receive

0

10

20

30

40

50

60

70

80

90

100

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

# of channels

Utilization (%)

Single processor

Four Processors

7 Conclusions and Future Work

Pspectra is an innovat ive new environment for signal-processing work. Pspectra opens

doors both for further research into parallel signal-processing and for the implementation

and testing ofnew algor ithms and applicat ions, using Pspectra as a development

plat form.

7.1 Future Wor k

Future work should explore the possible usefulapplicat ions ofthe Pspectra environment,

and the particular advantages a general-purpose processing plat for mhas over DSPs and

other special-purpose hardware. We descr ibe so me improvements to Pspectra that could

further boost the perfor mance and funct ionalit y for signal-processing applicat ions.

7.1.1 Distributed Signal-Processing

Pspectra is current ly implemented only for SMP machines. The systemcould be

extended to distributed- memor ymachines or clusters ofmachines simply byadding

message-passing funct ionalit yin the buffers. The scheduler and the modules would

require ver yminor modificat ions. A particular lyinterest ing systemwould invo lve the

use ofthe GuPPI card itself to transfer the data between machines in a cluster.

Current high-end SMP machines can adequatelyaddress most ofthe applicat ions the

SpectrumWare group has discussed working on. It is not clear that a distributed versio n

ofPspectra is necessar yexcept for ver ydemanding special-purpose applicat ions, such as

radar processing.

7.1.2 Signal-Processing Compiler

Pspectra´s modular design makes development easier, and allows a gener ic scheduler to

run any co mbinat ion ofmodules. Unfortunately, the systemalso suffers a perfor mance

hit compared to a mono lithic signal-processing program. The C++ compiler cannot make

optimizat ions across module boundar ies. A special co mpiler (or pre-processor ofsome sort) that could combine modules´ work() procedures in so me manner would help the

compiler keep inter mediate data in registers 6 instead ofwr it ing and re-reading it fro mthe

cache between modules.

It is not immediately clear how to both combine the modules and st ill use a dynamic

scheduling algor ithm. One possible approach would be to compile a mono lit hic versio n

for normal, predictable operation and also a standard modular versio n to fall back on

when necessar y ( for example, to re-establish synchronizat ion when synchronizat ion is

lost in a particular applicat ion). It would be difficult to build a generalso lut ion, and this

problemwarrants further invest igation.

7.1.3 A Possible Commercial Application: Flexible Wireless Base Station

One ofthe more intriguing and realizable applicat ions o fthe Pspectratechno logyis an

extremelyflexible wireless base station. A base station built on a general-purpose SMP

machine, or cluster ofsuch machines, could take advantage ofthe flexibilit yo fsoftware

to both adapt to its users and to provide an easyupgrade path for wireless providers as

theymove to third-generat ion (3G) wireless technology. For example, such a base

station could dynamically allocate different portions ofits frequencyband to var ious

standards (e.g., GSM, CDMA, analog cellular, 3G services, wireless data services).

A so ftware base station would intelligently part ition its allo cated spectrumbased on the

client/subscr iber/handheld usage. Pspectra´s more flexible architecture would simplify

the implementation ofdynamic allocat ion ofarbitrar ily higher bandwidth channels for

data transfers. A software radio based architecture would also allow base stations to be

upgraded as new algorithms and standards beco me available. This would reduce the time

and mo neyspent replacing exist ing hardware with updated techno logy, more efficient ly

utilize spectrumallocations, and ease transit io n for users ofoutdated techno logyby

continuing to support older techno logy.

6 This would be more helpfulon an architecture that has manygeneral-purpose registers,

such as the Alpha, than on the Intelx86 architecture.

Virtualradio technologycould also be incorporated into handsets to allow themto

upgrade to meet new specificat ions or to change their specificat ions as mo bile users

mo ve between countries with different wireless infrastructures. Given that low-power is

a top priorit yin handhelds, however, it may take some time before general-purpose

processor are compet itive with DSPs and ASICs in handheld devices.

7.2 Conclusion

Commodit yworkstations make an excellent platfor mfor signal-processing development,

testing, and prototyping. As processors beco me more powerful, and so ftware radios

more popular, general-purpose platfor ms will increasingly replace special-purpose signal-

processing hardware and DSPs in manyapplicat ions. The signal-processing methodology

used in Pspectra provides an efficient and easy-to-use platfor mfor the development of

parallelsignal-processing algorithms and applicat ions.

Pspectra demonstrates the effectiveness ofpartit ioning the systeminto four components:

the signal-processing modules, the data management mechanisms, the scheduler, and the

controlprogram. This partit ioning simplifies the programming inter face and supports a

high-per for mance modelfor parallelsignal-processing.

Our systemallows the algor ithmdesigner to ignore data management issues and focus

onlyon the construction ofefficient signal-processing algorithms. Applications in

Pspectra are easyto build by co mbining signal-processing modules.

Pspectra has a simple, yet effect ive scheduler. This scheduler, based on data-dependency

infor mat ion received fromthe modules, efficient ly schedules co mputation on mult iple

processors. Complex static analysis is not necessar y; the programmer can relyon gener ic

scheduling and optimization algor ithms for effic ient execution. The separat ion ofdata

management and scheduling fro mthe modules enables Pspectra to efficient lyrun

modules in parallel, achieving near- linear speedups.

The Pspectra environment demonstrates that general-purpose workstations are useful for

developing and prototyping real-time signal-processing systems. As general-purpose

processors and architectures move into more devices, new and interest ing applicat ions of

this work willappear. Ifmainstreamsignal-processing development can make the jump

to general-purpose plat forms, the newfound ease ofdevelopment and testing will

accelerate further advances in signal-processing algor ithms and techno logies.

8 Bibliography

[Ankcorn, 1998] John Ankcorn. SpectrumWare NTSC . Advanced Undergraduate

Project, MIT, 1998.

[Bose, 1999] Vanu G. Bose. Design and Implementation of Software Radios Using a

General Purpose Processor . PhD Thesis, MIT, 1999.

[Bose et. al. , 1998A] Vanu Bose, Alok Shah, MichaelIsmert. Software Radios for

Wireless Networking . Infocomm ´98 .

[Bose et. al. , 1998B] Vanu Bose, MichaelIsmert, Matthew Welbor n, J. Guttag, ^Virtual

Radios,~ IEEE JSAC issue on Software Radios, Apr il, 1999

[Buck et. al. , 1991] Joseph Buck, Soonho iHa, Edward A. Lee, David G. Messerchmitt.

^Ptolo mey: A Platfor mfor Heterogeneous Simulatio n and Prototyping,~ European

Simulation Conference , Copenhagen, Denmark, 1991.

[Chen, 1997] William Chen. Real-Time Signal Processing on the Ultrasparc . Master´s

Thesis, UC Berkeley, 1997.

[Chiu, 1999] Andrew G. Chiu. Adaptive Channels for Wireless Networks . Master´s

Thesis, MIT, 1999.

[Cook and Bonser, 1999] Peter G. Cook and Wayne Bonser. Architectural Overviewof

the SPEAKeasy System . IEEE Journalon Selected Areas in Co mmunicat ions. Vol. 17,

No. 4, Apr il1999.

[DeLuca et. al ., 1997] Cecelia DeLuca, Curtis W. Heisey, Robert A. Bond, JimM. Daly.

^A Portable Object-Based Parallel Librar yand Layered Framework for Real-T ime Radar

SignalProcessing,~ presented at 1 st International Conference on Scientific Computing in

Object-Oriented Environments (ISCOPE) , 1997.

[Fisher and Dietz, 1998] RandallJ. Fisher, Henr yG. Dietz. ^Compiling for SIMD

Wit hin A Register,~ presented at 11th annual Workshop on Languages and Compilers for

Parallel Computing (LCPC98) , 1998.

[Gear y, 1990] MJ. Eccles, R. Gear y, ^Parallelsignal processing ˘ a modular approach,~

presented at Digital Signal Processing: Application Opportunities , London, UK, October

1990.

[Hwang and Xu, 1996] KaiHwang and Zhiwei Xu. Scalable Parallel Co mputers for Real-

Time Signal-Processing. IEEE Signal-Processing Magazine Volume: 134 , July1996, pp.

50-66.

[Intel, 1999A] Intel. Intel Architecture Software Developer´s Manual , Volumes 1-3,

1999.

[Intel, 1999B] Intel. Intel Architecture Optimization Reference Manual , 1999.

[Ismert, 1998] Michael Ismert. ^Making Co mmodit yPCs Fit for SignalProcessing.~ In

USENIX , June 1998.

[Lackleyand Upmal, 1995] Speakeasy: The Military Software Radio. IEEE

Communicat ions Magazine, May1995.

[Lang, et. al., 1988] Gorgon R. Lang, Moez Dharssi, Fred M. Longstaff, Philip S.

Longstaff, Peter A.S. Metford, and Malco lmT. Rimmer. An Optimum Parallel

Architecture for High-Speed Real-Time Digital Signal Processing . IEEE Computer, Vol.

21, Issue 2, 1988.

[Ledecziand Abbott, 1994] Akos Ledecziand Ben Abbott. ^ParallelArchitectures with

Flexible Topology,~ Proceedings of the Scalable High-Performance Computing

Conference , 1994, pp. 271-276.

[Mercur y, 1994] Parallel Application System . http://www.mc.co m/Data_sheets/dspas.pdf

[Nalecz, et. al., 1997] M. Nalecz, K Kulpa, A Piatek, and G. Wojdo lowicz. ^Scalable

Hardware and Software Architecture for Radar SignalProcessing System,~ IEEE Radar

Conference , 1997.

[Pino et. al. , 1995] José Luis Pino, Soonho iHa, Edward A. Lee. Joseph T. Buck.

^So ftware Synthesis for DSP Using Ptolemy, ~ Journal of VLSI Signal Processing , 1995.

[Pino and Lee, 1995] José Luis Pino, Edward A. Lee. ^Hierarchical Static Scheduling of

Dataflow Graphs onto Mult iple Processors,~ presented at IEEE International Conference

on Acoustics, Speech, and Signal Processing , Detroit, MI, May1995.

[Thoeni, 1994] Urban A. Thoeni. Programming Real-Time Multicomputers for Signal

Processing . Prentice Hall, 1994.

[Tuttlebee, 1997] Dr. Walter Tuttlebee. The Impact of Software Radio . CEC Software

Radio Workshop, Brussels, May1997.

[Wat lington and Bove, 1995] John A. Wat lington and V. MichaelBove, Jr. Stream-

Based Computing and Future Television . Proceedings ofthe 137th SMPTE Technical

Conference, September 1995.

[Welbor n, 1999A] Matt Welborn Direct Waveform Synthesis for Software Radios , to

appear in Proceedings o fWCNC’99.

[Welbor n, 1999B] Matt Welborn. Narrowband Channel Extraction for Wideband

Receivers , Proceedings ofICASSP’99.

[Welbor n and Ankcorn, 1999] Matt Welborn and John Ankcorn . Waveform Synthesis for

Transmission of Complex Waveforms , to appear in Proceedings ofRAWCOM’99.