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Referencecounting is a garbage-collectiontechnique that maintains a per-

object count of the number of pointers to that object. When the count reacheszero,

the object must be deadand can be collected. Although it is not an exact method, it

is well suited for real-time systemsand is widely implemented, sometimesin conjunc-

tion with other methods to increasethe overall precision. A disadvantageof reference

counting is the extra storage tra�c that is introduced. In this paper, we describe

a new cache write-back policy that can substantially decreasethe reference-counting

tra�c to RAM. We propose a new cache design that remembers the �rst-fetc hed

value of a cache subblock, so that the subblock neednot be written back to RAM

unlessa di�erent value is present. We present results from experiments that show

the e�ectivenessof this approach, particularly in mitigating the storagetra�c due to

referencecounting.
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Chapter 1

In tro duction

The relative cost of a RAM accessis worsening;that is, the speedof on-board opera-

tions and cachememoryis increasingfaster than the speedof the memorybusand the

memoryitself. As Hennessyand Pattersonpoint out, memoryaccessspeedhasgained

7%per-yearperformanceimprovement in latency since1980,and microprocessorper-

formancehas improved between35%and 55%per year since1980. This discrepancy

is inconvenient for programmersand engineerswho desire fast performance,not to

mention real-time programmerswho require predictable, consistent software perfor-

mance. Hennesseyand Patterson agreethat \clearly, there is a processor-memory

performancegap that computer architects must try to close" [5].

The above suggeststhat we should perform our operationson-chip asoften as

possible,opposedto climbing the \memory wall" [15] and succumbing to the lower

speedsof busesand memory. Historically, the most commonremediesto this problem

are adding (more) levels of blazing-fast on-chip cache memory and optimizing cache

behavior to absorbmore of the main memory tra�c.

In this thesis,we examinethe e�ectivenessof a \dust y" write-back cache pol-

icy that suppressesunnecessarywrites to memory. One scenarioin which this design

can prevail is referencecounting, a garbage-collectiontechnique that is widely imple-

mented and well-suited for real-time systems.Referencecounting maintains a count

of pointers that referenceevery object; thesepointer-valueschangerapidly in scenar-

ios of complexpointer arithmetic. In many cases,a referencecount changesfrom its

value v, but then quickly returns to v. Normal write-back cache policy marks this

referencecount dirty upon any value change,marking it for eventual copy back to

RAM. When the value returns to v, it is still considereddirt y, and when it is evicted

from cache, it will be unnecessarilywritten back to memory. We introduce a new
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method of determining how \soiled" a value is, and recognizethat a value is indeed

dusty when it is altered in cache, but only dirt y when it di�ers from the value in

memory. We examine referencecounting with this dusty write-back policy in this

thesis.

Implementing a newcache policy is a microarchitecture optimization; such op-

timizations aretraditionally costly to implement in hardware,andaretime-consuming

to simulate in software. Traditionally, to test our new cache policy, we would have to

�rst spend a long time in software simulation, then make an Application-Sp eci�c

In tegrated Circuit (ASIC) that usesour cache design,costing millions of dollars.

However, the Liquid Architecture [8] system,developed at WashingtonUniversity un-

der grant ITR{0313203,allowsus to reify and analyzeour proposedmicroarchitecture

rapidly and with no additional monetary overhead.

In the body of this thesis,we �rst discussbackground details that arenecessary

to understandthe following experiments. We then proposethe new write-back cache

policy, statistically examineits e�ectivenesswith referencecounting and Java SPEC

Benchmarks, and use the Liquid Architecture platform to implement and quantita-

tively analyzethe microarchitecture optimization at clock-cycle resolution. Finally,

we proposeseveral avenuesof related future work, and review the experimental �nd-

ings of this thesis.
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Chapter 2

Background

In this chapter, we review microarchitecture optimization, cache organization, and

cache write policy to help develop the foundation for our further investigation. We

alsodiscussreferencecounting and somecommontrends of Ob ject-Orien ted Pro-

gramming (OOP), both of which are utilized in the included experiments.

2.1 Arc hitecture vs. Microarc hitecture

This thesis proposesa cache microarchitecture optimization, so we must make the

distinction betweensoftware, architecture, and microarchitecture optimizations. We

will take an outside-in approach, shown in Figure 2.1.

� Programmersoften optimize their code to make it more e�cien t. They depend

on compilersto accuratelytranslate their codeinto architecture-speci�c machine

Microarchitecture

ISA

Compiler

Program

Figure 2.1: The tieredrelationshipof program,architecture,andmicroarchitecture
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instructions. In many cases,an understanding of microarchitecture concepts

such ascache locality and branching behavior canhelp a programmerwith such

optimization.

� Compiler developers must provide this translation, but make optimizations of

their own to producea more e�cien t list of machine instructions, counting on

the computer architecture to interpret theseinstructions asexpected.

� Computer architecture developersprovide an instruction setarchitecture (ISA),

or an interfacefor the compiledprogramto interfacewith the microarchitecture

beneath.

� The microarchitecture, or chip, must realize the ISA above it and govern the

primary elements of computation. As is proposedin this thesis,we can bias the

microarchitecture to take advantage of commonprogramming idioms to make

programs run more e�cien tly. Optimizations at this level must not change

computational behavior with respect to the architecture.

Cache memory itself is a microarchitecture optimization, and it lends itself to

further behavioral optimization, as we concludelater in Subsection2.2.1.

2.2 Cache

On-chip cache memory is the �rst and most e�ective safeguardagainst unnecessary

memory accesses.It provides a quick bu�er layer for intercepting temporally local

memory accesses.Cache memory is often on the processoritself, so due to its prox-

imit y and accessspeed,it savesus the long trip to RAM.

Cache Organization

We can �rst classifycache memory by the nature of the data it bu�ers. Instruction

cache (I-cache) contains instructions for processorexecution, and for the purposes

of this thesis, is read-only. Data cache (D-cache) bu�ers the data-values from our

software execution, including referencecounts. Thesecachesare often separatedon

the processor,but may be combined to form a uni�e d cache.

Cache memory is composedof blocks, alsoknown aslines, which are �xed-sized

data collections. Often times, multiple valuessuch as integersand charactersshare
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a single block, and blocks are often decomposed into subblocks. When a block of

main memory is accessed,it is immediately copiedto cache, so that any subsequent

memory accesseswill usethe cached copy and avoid the trip to main memory.

For each block, the cache maintains the block addressesand o�sets, aswell as

a valid bit for each subblock to monitor whether the subblock contains a valid value.

This improves the cache search speed, and will help prevent valid subblocks from

being overwritten when invalid subblocks can be written instead.

When the CPU requeststo reada valuefrom memory, we �rst search the cache.

If the value is cached, we experiencea read-hit, and the value is accessedin cache.

If, however, the value is absent in cache, we incur a read-miss penalty of returning

the value from RAM and storing it back in the cache. When the value is stored back

in cache, we may have to evict a valid subblock from our crowded cache. Several

eviction strategiesare utilized, such ascompletelyrandom eviction, last recently used

(LRU), and �rst in, �rst out eviction, where the oldest block is evicted. Reads

composeroughly 79% of all data cache tra�c [5], and the eviction rate dependson

read locality. The penalty of a miss depends on the latency and bandwith of the

memory and bus, but as discussedin the previous chapter, the relative penalty is

worsening.

Writes compose21%of overall memorytra�c [5]. Just aswith reads,the cache

experienceswrite-hits and write-misses, but the behavior of each di�ers depending

on which write-policy the cache employs. Historically, there are two basicstrategies;

we explorethesebelow.

Write-Through Cache

The most primative acceptedcache policy is write-through. In this cache con�gura-

tion, whenever wewrite to a memoryaddress,it writes directly to main memory. This

results in a memorywrite every time, and the CPU waits for the write to completein

what is calleda write stall. To help avoid this stall, the processorcan insteadwrite to

a write bu�er and continue its processing,while the write bu�er executesthe write to

memory in parallel. The processormay then quickly write the samevalue into cache

(known as write allocate) or not write it into cache, and modify the value in RAM

alonevia the write bu�er (no-write allocate).
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B
lo

ck
s

Subblocks

Valid Bit
Dirty Bit

Data

Figure 2.2: Write-backcacheorganization

Write-Bac k Cache

A widely acceptedalternative to the simple write-through cache policy is write-back

cache, pictured in Figure 2.2. This con�guration has the samebene�ts as write-

through cache for reads,but it cansave on write-hits. It achievesthis by re
ecting all

writes directly into cache memory. Unlike write-through, it doesnot write to main

memory at this point. Instead, it keepsa dirty bit per subblock in addition to the

valid bit that signi�es whether the value in cache has beenaltered sinceit was read

in from the memory. When the value is evicted from cache, it is written back to

memory if the dirt y bit is set.

2.2.1 Further Cache Optimization

Weshall show that a standardwrite-back cachepolicy lendsitself to someunnecessary

memory writes. If a value is altered and promptly returns to the samevalue in a

following write, it is still marked dirt y and is written back to main memory even

though the value in main memory is identical. Moreover, if we have a value k in

memoryand we write the very samevaluek to the sameaddress,the write will cause

us to mark the subblock dirt y, and k will be unnecessarilywritten back to memory

upon eviction. We can concludethat the dirt y bit is su�cien t but not necessaryto

judge whether a value needsto be written back to memory.
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We investigatea more e�ective cache designthat writes to memory only if the

value it writes back is indeeddi�erent. This can save memory accesses,especially for

software operations and idioms that involve changing a variable and then promptly

returning it to its former value.

2.3 Reference Coun ting

Referencecounting [14] is an e�cien t albeit inexact meansof automatic memory

management, otherwiseknown as garbage-collection[14]. Garbage-collectionentails

automatically reclaimingheap-allocatedobjects from memoryoncethey areno longer

neededby a program, and is utilized in languagessuch as Java and C#. Refer-

encecounting is oneavenue to garbage-collectionfunctionality; it works by counting

the pointers that referenceeach object. When the count reaches zero, the object

is \garbage" and may be collected. Referencecounting is well suited for real-time

systemsand is widely acceptedand implemented [1].

Though the implementation is straightforward, referencecounting can impose

considerableoverheaddue to increasedmemory tra�c. Examplesof said tra�c are

found in common OOP patterns that have one object point to another for a short

time, beforepointing away. The Iterator pattern [4] is a very simple and frequently

deployed exampleof this thumbing-through behavior.

2.3.1 The Th um b Idiom

This widely used thumb object programming idiom entails a pointer referencingan

object, performing a short set of operations then pointing away, often to another

object. We observe this behavior often when iterating through any data structure

such as a linked list, tree, vector, or hashtable. This behavior is also common in

sorting algorithms. We observe the thumb object nature of the Iterator pattern with

respect to referencecounting.

Iteration with Reference Coun ting

A common useof the Iterator pattern is shown below, where we traversean entire

list and processeach item in the collection. It seemssimple in nature, but it causes

a lot of referencecounting tra�c.
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LinkedList list;

...

Iterator iter = list.Iterator();

while (iter.hasNext()) {

Object item = iter.next();

foo(item);

}

As we iterate over the list, the Iterator's internal place-keepingpointer switches

from node ni � 1 to ni , and onward to ni +1 , until the end of the list. The reference

count of node ni increments from k to k + 1 oncethe iterator touchesit, remainsat

k + 1 for a short while, then decrements back to k as the iterator movesonward to

node ni +1 . It thumbs through every node in such, until termination.

Each node in the list will have a similar referencecount \hiccup" due to this

commonthumb object idiom. We next discusshow the cache behavior di�ers with

respect to the write-policieswe designatedabove.

Cache Response to Iteration & Reference Coun ting

With a write-through cache policy, both the increment and the decrement will be

written directly to memory whenwe point to and away from the object, respectively.

With a write-back policy, the referencecount is marked dirt y after the incre-

ment, and remainsdirt y after the decrement. Though the referencecount is the same

beforeand after the short hiccup, the write-back cache believesit to be dirt y. There-

fore, upon eviction from cache, the value is unnecessarilywritten to memory. This

will occur every time a thumb-pointer (or any pointer) points to an object, then away

again.

With our dusty cachepolicy, wewould experienceno writes to memoryfor such

hiccups;just a singleread from memory to get the referencecount into cache. Upon

the value's eviction from cache, the microarchitecture �nds it to be identical to its

former valueand doesnot write it back to memory. We will discussthis con�guration

more in Chapter 4.
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Chapter 3

The Liquid Arc hitecture System

The Liquid Architecture system takes advantage of recon�gurable logic to permit

timely design, prototyping, and analysis of new hardware modules. Without such

a tool, the dusty cache idea could not as easily have been prototyped, tested, and

analyzedin ample time for me to write this and graduate. Moreover, to synthesizea

microarchitecture without recon�gurable logic requiresmillions of dollars.

Our Liquid Architecture research team recognizedtheseobstaclesin the hard-

ware designand software pro�ling processes,and developed an interactive systemto

remedythem [11].

3.1 The Pro�ling Problem

Programmersoften want to know how their software utilizes the underlying microar-

chitecture. With an accurateview of what happenson-chip during a program run, a

programmermay optimize his or her software to take better advantage of the hard-

ware beneath. Such software-microarchitecture interaction feedback is surely useful,

but very di�cult to gather. Unfortunately, many methods of gathering accurate

software performancedata have fundamental 
a ws in accuracyand timeliness.

Pro�ling software performance with other instrumented software can yield

skewed results. In some instances, the pro�ling software will add extra overhead

and we're left with a faulty report of processoractivit y. Other times, software pro-

�ling will not provide su�cien t resolution of results, and the results are too vague

to draw conclusions.Simulation suites, however, yield extremely �ne resolution but

take an extremely long time to pro�le the simplest of programs. Moreover, many



10

Figure 3.1: Photographof the FPX

software pro�lers and simulation suitesdo not account for (or cannot adequatelypre-

dict) someof the extremely improbable events that occur during normal execution

such as pipeline stalls and store bu�ers.

3.2 The Liquid Arc hitecture Solution

The Liquid Architecture solution combines recon�gurable logic, microarchitecture

support for monitoring on-chip events, and a web-basedcon�guration and analysis

interface. This o�ers a solution to the above pro�ling problems and permits rapid

designand testing of hardware and software structures, making this thesisplausible

and conclusive.

3.2.1 The Liquid Pro cessor

The Liquid Architecture processorbeganas LEON2 [3], a softcoreprocessorfor em-

beddedsystems,developed by the ESA (European SpaceAgency). The LEON core

provides sophisticatedarchitecture featuressuch as instruction and data caches, the

entire SPARC V8 instruction set [7], and busesfor high-speed memory accessand

low-speedperipheral control.
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The Statistics Mo dule

The group modi�ed the coreto add the Statistics Module [6], a performance-measure-

ment functionality for obtaining cycle-accuratetiming results, cache-behavior statis-

tics, and method-speci�c output for each. Such statistics are typically unavailable

in genericprocessors,and are incredibly monotonousand time-consimuing to attain

through simulation - the Liquid Architecture processorruns programsat full (FPGA)

speed.

This module is really a collection of smaller counter modules, each of which

has the following:

� One speci�c instruction or event to track

� One counter to track how many times this instruction or event has �red

� Two memory addresses(a low and a high, to constitute an addressrange)

� A connectionto the addressbus

� A connectionto the event bus

� A connectionto an output data bus

With this information, each counter can listen on the buses,and if the event

occurs within the designatedmemory range, the counter is incremented. This is all

done in parallel, so the tracking mechanismsdo not add extra clock overheadto the

executionof the program.

The entire module is customizable;that is, we can instantiate varying numbers

of these tracking modules within the statistics module with a simple changeto the

VHSIC Hardw are Description Language (VHDL) speci�cation. Onceinstanti-

ated, we can sendpackets to the microarchitecture to program the instructions and

addressesfor each counter module of the Statistics Module.

One precaution the Statistics Module takes is over
ow prevention. When a

user-designatedamount of clock cyclesexpire, the entire module evicts the data from

its counters and passesthe statistical data to the packetization module to be sent

back to the user. It then resets the counters and continues monitoring execution

without skipping an event.
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Control
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Figure 3.2: Modular diagramof the FPX andLiquid Processor Module

3.2.2 The Liquid Pro cessor Mo dule

The Liquid Architecture system is an extensible hardware module on a Field-pro-

grammablePort Extender (FPX) [2]. This platform is surroundedby Layered Pro-

tocol Wrappers,which parseinput and formats output as User Datagram Proto-

col (UDP) network packets. Oncepackets are parsed,they are routed by a Control

Packet Processor(CPP) which delivers certain packets with commandcodes to the

LEON controller. The LEON controller readsthesecommandsand directs the LEON

processoraccordingly, or it communicates with the memory controller to read the

contents of external memory. Also present is a MessageGenerator which formats

messagesthat contain commandpacket acknowledgements and pro�ling data.

3.3 In terfacing with the Hardw are

The Liquid Architecture group agreedupon a web interface for accessto the recon-

�gurable system. We designedand implemented a user-friendly interface that makes

much of the system'sfunctionality available to the web-useraswell asthe transparent,

analyzable,pro�ling output.
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The challengein creatingsuch an interfacelies in toolchain support for convert-

ing a normal C-program to a Liquid Architecture-compatiblebinary format, commu-

nicating the user'scon�guration speci�cs to the hardware, and reporting the results

back to the user for analysis.

3.3.1 Toolchain and Language Supp ort

One of the advantages of the Liquid Architecture system is that we can execute

software programmedin the C programming language. At current, our systemhas

several restrictions on program behavior and compatibilit y. Noneof our benchmarks

came into con
ict with these restrictions, but nonetheless,we plan to increasethe

compatibilit y and resolve theseissuesin the near future:

� No �le or terminal I/O. The Liquid Architecture systemdoesnot havea terminal

for printf(...) or getchar() commands,so all of our programsand benchmarks

reroute their trace debuggingand output to SRAM memory. This memorymay

be read after program execution.

� No operating systemcalls. Our current pro�ling interfacedoesnot run software

on top of our customizedLinux kernel; this is future work for the group.

� No 
oating point computation. We plan to incorporate a Floating Point Unit

(FPU) into the microarchitecture soon, but at current we do not o�er this

functionality.

Once we have a candidate .c �le, we must compile, assemble, link, convert it

to binary for upload onto the hardware, and createa memory map of the binary �le.

We use LEOX 1.0.18,an open sourcetoolkit for cross-compilingfrom linux to the

target LEON (SPARC V8) Instruction Set Arc hitecture (ISA). We combine this

toolkit with a number of other operations and use the following commandsas the

baseof our toolchain functionality:

sparc-elf-gcc foo.c -s

sparc-elf-as foo.s -o foo.o

sparc-elf-ld <libraries> foo.o -o foo.out -Map foo.map

sparc-elf-objcopy foo.out -v -O binary foo.bin
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Our customized compilation suite performs several intermediate and latter

stepsto producea data �le for software simulation. However, the above stepsalone

are su�cien t to ready a C program for executionon the Liquid Architecture system

via the web interface.

3.3.2 The User In terface

The web-baseduser interface provides the vehicle from the creation of the binary

input �le to the pro�ling results. The work of the interfacecanbedivided into several

tasks: acceptingcustom userprograms,gathering con�guration input, manipulating

the hardware, and reporting the results.

Accepting C Programs

We provide two avenues to running cross-compiledprograms on the Liquid Archi-

tecture system. We provide several pre-compiled regressiontests and benchmarks

that may be selectedfrom a drop-down list on the �rst Hyp ertext Mark-up Lan-

guage (HTML) con�guration form (seeFigure 3.3).

In the casethat the userwishesto run a customprogram, two �le-input �elds

are available on the samepage. The user may browsehis or her local computer for

the compiled binary �le and its appropriate linker map �le (provided by the cross-

compiler toolchain, asmentioned in Subsection3.3.1),and upload it for con�guration

and execution.

The screenshotin Figure 3.3 displays a text input for specifying the memory

addressat which to load the selectedbinary �le. At this address,the .text segment

will be loaded, followed by the .data and .bss segments. Further, the hardware will

begin its executionat this address.

Gathering User Input

The interfacepermits further con�guration of the executionafter the binary and linker

map �les have beenselected(seeFigure 3.4). We parsethe linker map �le submitted

by the user,then generatea web form with a grid for selectingspeci�c memoryranges

and processorevents. Theserangesand events will govern the initialization of the

statistics module, as discussedabove in Subsection3.3.2. This permits method-wise

pro�ling for a variety of statistics.



15

Figure 3.3: Con�gurationpage1 of Liquid Architectureinterface

Becausethe Liquid Architecture system does not have a terminal or print-

stream interface, our programswrite to memory for output and debugging. On the

secondcon�guration page, we allow the user to specify a memory addressto read

after execution,making such program data available to the user.

Manipulating the Hardw are

Oncethe con�guration is complete,the userchoicesare postedto a Perl [13] control

center script that communicates with the hardware using custom opcodes within

UDP packets.

The server usesa Java programhandlethis correspondence;this programwraps

the input opcodesand waits for the acknowledgements or responses.This interface
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Figure 3.4: Con�gurationpage2 of Liquid Architectureinterface
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is highly extensible;asour systemgrows in functionality and control packet sophisti-

cation, this Java program can continue to act as a communication layer betweenthe

userand the liquid processor.

The Perl control script dictates the opcodesto Java program accordingto the

con�guration speci�cs of the abovesteps. This providesa layer of abstraction between

the userand the raw opcodes,requiring the useronly to make the above con�guration

decisionsand the rest executedautomatically.

Each trial of the liquid architecture systemsharessomecommonfunctionality

and opcodes for initializing and executing a given program. Thesestepsare shown

in the upper half of Figure 3.5:

� We load the bit�le with ncharge. This transmits the speci�cs of our recon-

�gurable microarchitecture over to the hardware.

� We reset the LEON pro cessor by sendingan opcode via our Java commu-

nication program. This wipesthe memorycleanand initializes the hardware to

a ready state.

� After resetting, and throughout initialization, we check pro cessor status by

sendingan opcode and receivinga status code via our Java program.

� We upload the binary program via our Java program, and transmit the

binary data to the liquid hardware's SRAM, to a location designatedby the

user in Figure 3.3.

� Con�guring the statistics module requiresa seriesof opcode transmissions

from the Perl script to the hardware. For each counter, as selectedin the

con�guration stage shown in Figure 3.4, we have to make two transmissions

to the hardware: the high and low memory addressesand the event or signal

to monitor. After each counter is con�gured, we send an opcode to tell the

statistics module how often to 
ush its counters and send statistics packets

back, asdiscussedin Subsection.

� Finally, we sendan opcode to start the program .

At this point, the program is running on the recon�gurable hardware which

is con�gured accordingto the uploadedbit�le. Our control script keepslistening for

processorperformancefeedback and program results.
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Figure 3.5: Controlscript for Liquid Architectureexecution
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Gathering and Rep orting the Results

As results return from the hardware, a Java listener programpipesthem out to a �le.

Once the hardware �nishes executing the program, it sendsa �nal packet to signify

either gracefultermination or an error result. In either case,the server now hasa �le

with the statistics of the program's executionon the hardware.

Our samePerl script parsesthis �le and displays the results in a table for the

user, shown in the bottom of Figure 3.5. If the user requestedto read a memory

address(from the screenshown on Figure 3.4), the server sendsa UDP packet to

the hardware requestingthe valuesin memory at the prescribed addressrange. We

display this data in hexadecimal,decimal, and ASCII to facilitate checking program

results.

In its entiret y, the automated con�guration and result output of the liquid

architecture takes roughly one minute. The program execution time in between

con�guration and output depends on the behavior of said program on our 25MHz

processor.
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Chapter 4

Dust y Cache

In this chapter we present our dusty data cache microarchitecture optimization and

discussits design and interaction with the machine architecture. We classify this

policy as an enhancement to the write-back cache policy that is reviewed in Sec-

tion 2.2. This dusty cache speci�cation is implemented in the Liquid Architecture

system(Chapter 3) as a data cache, and is analyzedin Chapter 6.

4.1 Dust y Cache Design

The dusty cache speci�cation employs the samelines (blocks), subblocks, and valid

bits as both the write-through and write-back policies. As discussedin Section2.2,

the write-back cache policy usesa dirt y bit to decidewhento write a valueback. Our

proposeddusty cache usesa dusty check to decidewhen to write the value back to

memory.

The Dust y Check

The dusty check is not an actual bit as in write-back policy, but we still provide a

mechanismfor checking whether to write the valueback to memorywithout checking

main memory itself. Like the write-back policy, the dusty cache has a dirt y bit to

decidewhether the value has changedsinceentering cache. In addition, the dusty

cache hasa secondcache bank that acts asan imageof main memory, labeledD I mage

in Figure 4.1. This bank is readily accessiblewithout incurring the time delay of

reading main memory, discussedin Chapter 1.



21

Mem. Value @ LocationCached Value @ LocationAddress of Location

D Data

C
ac

he
 L

in
es

Tag D Image

Memory Address Offset

Data Valid Bits

Dirty Bits

Image Valid Bits

Figure 4.1: Dusty cachestructuraldesign

Dust y Cache Structures

The dusty cache policy has a single Tag RAM and a set of data lines DD ata like

write-through and write-back, but it also has an extra set of data lines, discussed

above. We maintain that for each entry in the Tag table Tagi the corresponding

line in the DD ata cache bank, Datai , is the cached value pertaining to the addressin

Tagi . The corresponding value I magei in the D I mage cache bank is an imageof the

value in memory at the addressspeci�ed in Tagi . We discussthe interaction of these

corresponding elements in Section4.2.

Both cache bankshave valid bits for each subblock, but only the subblocks in

DD ata have dirt y bits. We will seewhy as we discussthe behavior.
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4.2 Dust y Cache Behavior

Becausethe D I mage cache bank is an imageof main memory, it is not written directly

by the CPU in the event of a memorystore; instead,only DD ata is written. Whenever

we read from memory, however, both cache banks are written. We write to D I mage

to retain an accuratereferenceof memory, and we write to DD ata becausethe CPU

usesit as its data cache. This writing behavior is shown in Figure 4.2.

As we arguedin Subsection2.2.1,our proposedcache policy prevents the un-

necessarymemorywrites incurred by write-back policy. Weexaminethe dusty cache's

behavior in several di�erent scenarios:

� Upon a read hit the value is in DD ata , so the value is returned to the CPU.

� Upon a read miss the value is not in DD ata , so we read the value from main

memory and write it to both DD ata and D I mage. Potential cache eviction.

� Upon a write hit the addressmaps to DD ata , so we alter the value in DD ata

and set the dirt y bit.

� Upon a write miss the addressis not mapped to DD ata , so we allocate and

write it to DD ata . Potential cache eviction.
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� Upon a cache eviction , if the subblock's dirt y bit is set, we examine the

value in DD ata against the corresponding value in D I mage. If they are identical,

nothing is written. Else,we write the value back to main memory.

4.3 Dust y Cache Cost

Becauseprocessorreal estate is somewhatlimited, we must justify our intentions of

placing a memory image on a microprocessor. The addition of the memory image

roughly doublesthe sizeof our e�ective cache, sinceeach subblock in our cache has

a corresponding subblock in our on-chip memory image. We can imagine several

objections:

� With the spacethat dusty cache takeson chip, it may be the casethat we can

better improve performanceby simply doubling the sizeof our write-back cache,

thus improving our missrate.

� Aside from reducing the missrate, doubling our write-back cache could poten-

tially keep lines in our cache twice as long, and therefore reduce the rate of

evictions and write-backs, both necessaryand unnecessary.

Regardingthe �rst objection, we would expect to lower our cache missrate by

doubling the sizeof our cache, but we seein Figure 4.3 [5] that the returns quickly

diminish if we keepdoubling our cache. For a cache sizeof 4KBytes, we could argue

that doubling our cache could provide a su�cien t return; with a 1MByte cache,

however, we may be able to more wisely utilize our processorspace.

In addition, the e�ectivenessof a data cachedirectly correspondsto the breadth

of the data that the executing program tends to use. For a program that usesa

small breadth of addresses,a smallercache will su�ce; if our program accessesmany

addresseswithin a wide range,a larger cache will improve performance.

Regardingthe secondobjection, doubling the sizeof our write-back cachewould

indeedprolong a value's lifetime in cache, but for a long program run we would still

eventually su�er the unnecessarywrite-back of evictedcache values. Regardlessof its

size,if we utilize a write-back cache we cannot escape theseunnecessarywrite-backs

that a program may cause.Further, just like the above, this dependsdirectly on the

set of applications we intend to run on our cache. We make a distinction of the type

of programsthat best utilize dusty cache opposedto write-back cache in Chapter 6.
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Figure 4.3: The e�ect of doublingour cacheon cachemissrate

In further experiments, we comparethesetwo cache policiesover various benchmark

executions.

In Chapter 5 we qualify the bene�ts of this cache designfor referencecounting

software systems.In Chapter 6 we implement this microarchitecture and discussthe

behavior of dusty cache when implemented in hardware.
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Chapter 5

Soft ware Cache Simulation

5.1 Analysis of JVM Cache Behavior

Before implementing the hardware solution to the dusty cache principle, we �rst

pro�led somecommon idioms of Object-Oriented Programming (OOP), embodied

in somecommonbenchmarks from the SPEC JVM '98 suite [12] to make an initial

quanti�cation of the bene�ts of this cache policy over write-through and write-back.

As discussedabove, we expect referencecounting to exhibit the e�ciency of

dusty cache over write-back cache, sowe designedthis experiment to track reference

counts in Java and examinehow many times the referencecounts are written back to

memory for di�erent cache con�gurations.

JVM Instrumen tation & Output

The benchmark results are gathered from an instrumented version of Sun's Java

Virtual Machine 1.1.8 [9] in Solaris that implemented ReferenceCounting Garbage

Collection [14]. To get a more transparent view of the referencecounting behav-

ior and the JVM's useageof the architecture beneath it, the JVM usescustomized

trace functions to signal events, such as referencecount increments and decrements,

putfields , getfields , and a variety of other events, completewith a dynamic count

of JVM instructions at each point of execution.

The JVM outputs this data during the executionof the program, allowing us

to capture runtime statistics. We ran and captured several benchmark programs,

each of which is discussedin Subsection5.1.1.
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We parsedthe JVM output with a trace analysistool that constructsa graph

of per-object referencecount behavior. This allows us to observe the following, for

every object instantiated in the benchmark:

� Its referencecount at any point in execution

� The number of total JVM instructions betweenchangesin its referencecount

� The number of cache-altering instructions, such as putfields , getfields ,

aastores , and aaloads, that occur betweenchangesin its referencecount

It is important to note that this referencecounting implementation usesa stack

optimization [1]; that is, referencesfrom the stack are not tallied in an object's refer-

encecount. Instead, a single referenceis made from each stack frame that contains

a pointer to the object. Once this stack frame is popped, the stack referencedisap-

pears,and the object may becollectedif it hashasno stack framereferencesor object

references.For this reason,we only track heap-basedreferencesin this experiment

(seeChapter 6 for a stack-basedreferencecounting tra�c approximation).

Quan tifying Memory Savings With JVM Output

The next task is to simulate cache memory and evaluate the cache performancefor

several di�erent cache con�gurations. We intend to measurethe e�ciency of the

cache in preventing writes to memory, so the metric of successin this experiment is

\memory writes saved". We crafted a software solution that emulates cache behavior

to gather this data.

To represent cache e�ectiveness,we must have a way of expressingwhat is

currently stored in cache memory;otherwise,we cannot know which readsand writes

escape the cache. We employ a probabilistic, worst-caseapproach here.

Whenever somethingis written to cache, we take the worst-caseapproach and

assumethat it will evict somevaluefrom cache. In other words,we assumethat there

is no locality in cache writes; every getfield and putfield instruction writes one

value to cache and evicts another. From a probabilistic approach, we assumethese

instructions are equally likely to evict any cached value. In our implementation, this

is realized as a lifetime, or \window" of cache time for each referencecount value.

That is, for a window of k cache writes, if value v is written to cache on write i , v

will be evicted on write i + k.
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Weevaluateboth uni�ed and data (non-uni�ed) cachecon�gurations, and with

each, we simulate write-through, write-back, and dusty policies.

� To represent the e�ects of uni�ed cache (discussedin Section2.2), we designate

every JVM instruction asa cachewrite - this meansthat if referencecount value

v is written to cache on instruction i , it will be evicted on instruction i + k.

� To represent the e�ects of non-uni�ed (data) cache, wemonitor only events that

will potentially evict a value from data cache. This includesJVM instructions

get�eld, put�eld, aaload,and aastore,aswell asreferencecount increments and

decrements. If referencecount valuev is written to data cache, it will beevicted

after k of thesespecial events.

On top of the uni�ed and data cache con�gurations, we simulate several cache

policies: write-through, write-back, and the new dusty policy. This entails recording

the number of writes to memory for each policy.

� For write-through policy, each referencecount increment and decrement will be

written back to memory. We usethis as the frame of referencefor the results

of the write-back and dusty cache trials.

� For write-back policy, we adapt the above notion of the window. If a reference

count enters cache memory, it is evicted after the window expires. If it has

changedwithin the window dueto an increment or decrement, it must bewritten

back to memory (even if the value is equivalent to what it was upon entering

cache). Theseare the only writes to memory in the write-back simulation.

� For dusty cache, we monitor savings the sameway as write-back cache, save

one di�erence: when it comestime to evict a referencecount from cache, we

compareits current value to its value upon entering cache. If the values are

identical, it doesnot get written back to main memory, and this is recordedas

a saving over write-back cache.

Exp erimen tal Questions

The performanceof the di�erent cachecon�gurations will changewith the behaviors of

the benchmark we analyze,so we want to evaluate the performanceacrossdi�erent

types of programs. As discussedabove, we expect to incur more referencecount
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Benchmark Objects Created
db 8,088
javac 26,127
jess 46,129
jack 410,479

Figure 5.1: Objects createdper benchmark simulated

memory tra�c with programs that allocate more objects and perform fast-paced

pointer changes.

In addition to investigating the performanceacrossbenchmarks, we must ob-

serve the performanceacrosscache write policies. Speci�cally, within each cache

write policy we want to discover which cache con�guration (uni�ed or data) is more

e�ective.

5.1.1 Exerimen tal Results

Weevaluatedfour Java benchmarksover a number of window sizesto observememory-

write savings as a function of cache sizes.In addition, we examinesomestatistics of

each program to understandwhy we observed thesetrends.

Memory Savings per Benchmark

Each of the graphsshown above in Figure 5.2through Figure 5.5measurethe memory

writes due to referencecounting that we save over write-through cache. The two

dotted lines represent the percent of referencecounting memory writes that write-

back cache can save, and the two solid lines represent the samecharacteristic for our

dusty cache. On all graphs,the distancebetweenthe write-back and the dusty cache

measurements is the amount of unnecessarywrites to memorywe expect to save with

dusty cache.

In Figure 5.2, we seethat we can save roughly a third of all reference-counting

overhead in the 209 db benchmark with a cache eviction window of size 50 if we

incorporate a dusty data cache. This is roughly a 5% saving over a write-back data

cacheof the samesize. The memorywrites that the dusty policy savesover write-back

policy are the \hiccups" discussedin Subsection2.3.1.

We do not expect a great deal of savings for 209 db; this benchmark readsa

1MB data �le that contains personnelrecords,then readsa 19KB �le that contains

operations to perform on the recordsof the data �le, then performstheseoperations
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[12]. In addition, we seethat it only allocates8,088objects in total, in comparison

to the other benchmarks asshown in Figure 5.1.

The Javac benchmark, shown in Figure 5.3, is the Java compiler from the JDK

1.0.2[12]. Wecanseefrom the resultsthat the dusty data cache implementation saves

5% of the referencecounting tra�c due to \hiccups." Though the benchmark itself

allocatesmore objects than 209 db, it doesnot show useof quick pointer arithmetic

and consequentially doesnot su�er heavy referencecounting tra�c.

The Java Exp ert System Shell (JESS) benchmark, a clone of the NASA

CLIPS expert system shell shown in Figure 5.4, processesa set of rules, or logical

\if " statements, and solves a set of puzzles[12]. The numbers for this benchmark

are more interesting from a referencecounting aspect. We save 25% of all reference

counting tra�c with a write-back cache policy in a window of 50data cache evictions,

suggestingrapid pointer manipulation. The memory-accesssavings from dusty data

cachearemorenoticeablehere;this may bea result of high object allocation asshown

in Figure 5.1. Rougly 25% of the memory tra�c savings at any window sizecan be

attributed to preventing unnecessarywrite-back of referencecount \hiccups."

The Jack benchmark is an early version of JavaCC, a Java parser generator

with lexical analyzers. Figure 5.5 shows us a very steepslope of memory savings in

the beginning, for small cache-write windows. This data and the number of objects

allocated in the benchmark (as shown in Figure 5.1) suggestshigh-tra�c object ma-

nipulation in someportion of the benchmark, and consequentially , a lot of reference

counting overhead.

Results Across Benchmarks

We can easily seethe di�erence in referencecounting overhead if we examine the

savings acrossbenchmarks.

Due to the results of Figure 5.6 and the processingnature of the benchmarks,

we can concludethat 213 javac and 209 db represent software that doesnot make

useof the thumb idiom and thereforedoesnot incur major overheadfrom reference

counting. The benchmarks 202 jessand 228 jack suggestconsiderablebene�t from

a dusty cache implementation, and justify further investigation in hardware.
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Chapter 6

Liquid Arc hitecture

Exp erimen tation

After simulating dusty cache with referencecounting in software, we concludedthat

we will save the most tra�c if we implement the dusty policy in our data cache alone.

After consideringthe simulation resultsof Subsection5.1.1,weexpect to contain from

30%to 50%of a program's referencecounting memory tra�c in cache, dependingon

the program's behavior.

The experiments in this chapter were conducted on the Liquid Architecture

platform. The current con�guration of our platform is as follows:

� Weuse4 Kbytes of on-chip cachememory. For our write-back cache, this means

a 4KByte data cache. For our dusty cache, this meansa 4 KByte data cache

and its according4 KByte memory image.

� Our o�-c hip memory is SRAM and o�ers 4 MBytes, and we expect to have an

additional 12 MBytes of SDRAM operational soon.

Becauseour systemusesonly SRAM, the ratio of cyclesspent accessingcache

to cyclesspent accessingo�-c hip memory is not representativ e of ordinary systems.

Our instrumented LEON processorcanmonitor read-and write-accessto main mem-

ory, and report the total accessof each, as discussedin Chapter 3. Counting the

memory accesseswill help us determine which cache policy causesmore tra�c to

memory.
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6.1 Mon te Carlo Exp erimen tation

We designedthis set of trials to quantify the performanceof a referencecounting

system with the Liquid Architecture platform. Due to the memory storage ine�-

cienciesdiscussedabove, we cannot yet deploy a Java Virtual Machine on the Liquid

Architecture system. We thereforeemploy a probabilistic approach to createa bench-

mark that elicits microarchitecture behavior similar to that of the JVM pro�led in

the previouschapter.

This experiment is a Monte Carlo simulation [10]: it randomly triggers a set

of events basedon their probabilities to simulate a model. Such experiments are em-

ployed when a scenariois too di�cult or expensive to evaluate analytically. Because

our target benchmarks have elements that do not comply with the current Liquid

Architecture platform (as discussedin Subsection3.3.1), and becausewe are only

interested in the cache behavior thesebenchmarks elicit, a Monte Carlo simulation

best suits our needs.

To executethis experiment, we supply the set of events, the probabilities of

each, and a framework to elicit the microarchitecture behavior of each event.

6.1.1 Determining the Set of Events

As discussedin Section 5.1, we are interested in evaluating the performanceof the

cache; this dependson the valuesresident in cache. Therefore, we are interested in

monitoring only certain events that will alter the cache performance.In referenceto

our JVM with referencecounting garbage-collection,this pertains to the following:

� Reads: getfield and aaload instructions.

� Writes: putfield and aastore instructions.

� Heap-based RefCount++ / �� : heap-basedreferencepoints to or away from an

object.

� Stack-based Refcount++ / �� : stack-basedreferencepoints to or away from an

object (approximated with astore instructions asdiscussedin Subsection6.1.2).

From the aboveevents, wecaninfer referencecount increments anddecrements.

We next develop a mechanism to determinethe relative probability of each event.
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Event Occurrences
Reads 1,182,870
Writes 209,491
AStores 197,794
Heap-BasedRefCount++ 67,691
Heap-BasedRefCount �� 54,706

Figure 6.1: Occurrencesof Cache-Altering Events

6.1.2 Determining Event Probabilit y

We discovered in Subsection5.1.1 that the dusty policy is a reasonablecache write

policy to adopt on the data cache, most noticeably for programs with high refer-

encecounting tra�c. The results in Figure 5.6 encourageus to examinethe JESS

benchmark to examinethe probabilities of each event.

We gather the results by running the benchmark on the sameinstrumented

JVM from our software simulation experiments. We addedevent-counting function-

ality to our trace analysistool discussedin Section5.1and analyzedthe JVM output.

Theseresults are shown in Figure 6.1.

It is important to note that the write and read occurrencesdo not include the

actual read and increment of the referencecount value. Rather, thesecounts pertain

to JVM instructions that can alter the data cache.

As discussedin Section5.1, our particular JVM reference-counting implemen-

tation [1] doesnot increment or decrement an object's referencecount when a stack-

basedpointer points to or away from it. For this reason,we approximate stack-based

reference-counting tra�c by observingthe occurrencesof the astore instruction. We

know that an astore will increasea referencecount, but we must estimatehow often

the instruction overwrites a non-null value and decrements a referencecount.

For a lower bound, we look at the ratio of heap-baseddecrements to heap-

basedincrements (found in Figure 6.1) and multiply the valueby the total number of

astores . For our upper bound of stack-baseddecrements, we usethe total number

of astores . We seethe results in Figure 6.2.

A similar approach to approximating reference-counting tra�c on the stack is

to track the aload instruction in addition to the astore instruction. For a stack-

basedmachine, we could arguethat an object's referencecount would increaseupon

an aload, increaseagain upon the astore , then decreaseoncethe operation is over.

This behavior would result in even more unnecessaryreferencecounting tra�c to
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Event Occurrences
Stack-BasedRefCount++ 197,794
Stack-BasedRefCount �� 159,851- 197,794
Heap-BasedRefCount++ 67,691
Heap-BasedRefCount �� 54,706

Figure 6.2: Occurrencesof ReferenceCounting Events

Event Probability
Read .5727
Write .1263
RefCount++ .1601
RefCount �� .1409

Figure 6.3: Probability of Cache-Altering Events

memory becauseit exhibits the thumb idiom described in Subsection2.3.1. Sincewe

usea register-basedarchitecture, we do not account for this aload phenomena.

After gathering the occurrencesof each event, we then convert these values

to relative probability format, as shown in Figure 6.3. For our immediate purposes,

we will assumethe stack-basedreferencecount decrement is the median value in the

range.

Now that we have the events and their relative probabilities, we construct a

framework to �re theseevents with their respective probabilities.

6.1.3 A Framew ork to Mo del JVM Behavior

As wediscussedearlier in the chapter, wecannot load our instrumented JVM onto the

Liquid Architecture platform for executiondue to the current platform restrictions.

However, asdiscussedin Section2.1,wecanelicit the samemicroarchitecture behavior

with di�erent programs. Therefore, our objective is to develop a framework to �re

actionsthat provide machine instructions that aresimilar to that of the JVM for each

event discussedabove. We can identify theseactions for each individual event.

� A read is an accessto a memoryaddresswhosevaluemay or may not becached.

For this reason,we allocate an array of 1024integersto represent the memory

usedby our program. Upon a memoryread,we randomly accessan array index

and read the value at that memory addressinto a register.
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� We executea write by generatinganother random index into the samememory

array. Instead of saving this value to a register, we simply write over it with

another value.

� In the event of a referencecount increment, weaccessan array of 64integersthat

represent our referencecount table. We generatea random index to determine

which referencecount to increment, readthe correspondingvalueinto a register,

increment it, and write it back to its position in the array.

� A referencecount decrement is the sameasthe above, exceptthe valuewe write

is one lessthan the onewe read in.

The majorit y of the programbrancheso� a main loop that generatesa random

number and selectsan event basedon the probabilities listed in Figure 6.3.

6.1.4 Ensuring Valid Exp erimen tal Results

The foremostchallengeof this Monte Carlo approach is keepingthe simulation pro-

gram from contaminating the results that we wish to monitor. This can present itself

as skewed results from the statistics module, or as a memory systemwhosecontents

doesnot re
ect the data from our simulation.

As discussedabove, Monte Carlo simulations require random numbers. Be-

causewe want to refrain from disturbing the simulation results, our random number

generatormust disrupt the memory systemstate as little as possible. However, our

random number generation method necessarilyreads and writes a single value in

memory upon each new value generated. This will alter the cache, but we can take

further precautionsto lessenits e�ect on our experimental results.

The Liquid Architecture system allows us to take other measuresto ensure

valid results. As discussedin Subsection3.3.2,we canperform method-wisepro�ling.

This allows us to isolate our random number computation to a single method and

refrain from explicitly tracking it in our statistics module. Therefore, though the

random number computation will alter the state of the cache, the actual cachehit or

cachemiss event will not be tracked.

6.1.5 Mon te Carlo Exp erimen tal Results

We gatheredthe results by following the protocol described in Section3.3 and navi-

gating through the con�guration interface,shown in Figure 3.3 and Figure 3.4. Our
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Figure 6.4: Monte Carlo benchmark resultsfor write-backanddusty policies

primary goal is to quantify the reference-counting memorytra�c that occursin dusty

and write-back caches.

For both cachepolicies,weobserve three results: total memorywrites, memory

writes without reference-counting, and memory writes due to referencecounting. We

obtain theseresults by executingthe benchmark twice: oncewith reference-counting

enabled, and once with the same sequenceof events but omitting the reference-

counting instrumentation. We then compute the reference-counting memory writes

from thesetwo executionresults asso:

M emoryWr itesRef Count = M emoryWr itesT otal � M emoryWr itesN oRef Count

In the results shown in Figure 6.4, we �nd that the non-reference-counting

instrumentation and read/write simulation occupiesover two-thirds of the program's

memorywrites. Oncewe separatethe reference-counting tra�c from the rest, we �nd

that we save roughly half of our memory writes. It follows from the data and from

the designof our cache in Chapter cpt:cache that half of the memory-write tra�c of

write-back cache was unnecessary.

The dusty cachesavingson non-reference-counting tra�c is unremarkablehere.

The write event of our Monte Carlo simulation consistedof writing a random number

to memory, so we �nd very few occurrencesof value change-and-return.
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In our JVM experiment analysis,we categorizeddusty cache asmore e�ective

for data cache than for uni�ed cache. In analyzing this experiment, we can conclude

that when put into practice, dusty cache is more e�ective for someclassesof data

than others. We can identify a distinctive classof momentary data such as reference

counting that operatesbetter under dusty write policy than under write-back.

6.2 Dust y Cache Performance Across Benchmarks

After seeingthe memory tra�c savings of the dusty cache policy with a reference

counting simulation, another research question arises. How much memory tra�c, if

any, will the dusty cache policy save for other, non-reference-counting programs?

We gatheredsomeC benchmarks, compiled them with our cross-compilation

suite, then executedthem on the platform with write-back and dusty cache implemen-

tations. Thesebenchmarks elicit a variety of memory useagepatterns, as discussed

below.

� Towersof Hanoi is a popular recursive computation puzzle. It usesno global

variablesor arrays; rather, it exclusively usesregister computation and recur-

sion. For this experiment, we useten \discs" in the puzzle.

� Numeric sort is a heap-sort benchmark that generatesan array of random

integersand sorts it. We usean array of size1,000.

� BLASTN (Basic Local Alignment Search Tool / Nucleotide) is a widely em-

ployed software solution for comparinggeneticmaterial. We analyzestage1 of

BLASTN in this benchmark: open-addressed,double-hashingof bases(A, C,

T, G). We generatethesebasesrandomly.

We executed these benchmarks with the same cache con�gurations as the

Monte Carlo simulation above: 4Kbytesof cachefor our write-back con�guration, and

4Kbytes of cache paired with a 4Kbyte memory image for our dusty con�guration.

The results of the trials and the computed percent savings are shown in Figure 6.5.

We can better understand theseresults by further examining the behavior of these

programs.

BecauseTowers of Hanoi is almost entirely stack-basedin its computational

phase,it useslittle RAM storage. For this reason,we seeno evictions from cache



40
Write-Back Dusty Percent

Benchmark Writes Writes Saved
Numeric Heapsort 233 220 5.5%
BLASTN 185,548 180,203 3.0%
Towers of Hanoi 0 0 0.0%

Figure 6.5: Memory writes per benchmark for write-back and dusty caches

and no writes to memory. Further, this meansthat dusty cache cannot improve this

benchmark's performanceover write-back.

As mentioned above, the numeric heapsortbenchmark generatesan array and

sorts it. This involvesswapping valuesfrom onearray index to another, wheresome

of the array valuesmay be equivalent. Becausethis array is not stack-based,we see

morememorywrites than Towersof Hanoi. The �v e percent savingswith dusty cache

suggeststhat heapsortoccasionallyswaps a value away and then back to a location

prior to an eviction.

BLASTN usesan open-addressed,double-hashedhashtable to organize nu-

cleotides,so change-and-returnbehavior is possiblein this stage. We can imagine

an enhancedstatistics module that tracks the method that tracks the instruction

memory addressthat last wrote a cached value. This data would help us identify the

method in which a saving occurred upon an eviction from dusty cache. At current,

this module is in development. Without it, we are still able to quantify the mem-

ory accesssavings for thesebenchmarks and answer the questionat the beginningof

Section6.2.

6.3 Extrap olating Dust y Cache Performance

We measureand report the results of our Liquid Architecture experiments in both

memory writes and percent memory writes saved. This metric is more portable than

nanosecondssaved or clock cyclessaved becausethe ratio of the Liquid Architecture

system'sprocessorand memoryspeedsarefar di�erent than that of a modern desktop

computer. Moreover, clock cycles measurecache speed and average performance

rather than the behavior of the cache policy.

By reporting our results in memory writes, we can project clock cyclesavings

for di�erent memory and processorspeeds. In Figure 6.6 we demonstratethe e�ect

of increasingthe processorspeedfrom its current speedof 25MHz up to 2.5GHz. We
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Figure 6.6: Monte Carlo (referencecountingportion) cost in processor clock cyclesas
processor speedincreases

estimate this by changing the clock cycle cost of a memory write such that if our

processorwere50MHz, twice as many clock cycleswould passduring a write stall.

We computed Figure 6.6 using the \ReferenceCounting Only" data set from

our Monte Carlo simulation, shown on the far right of Figure 6.4. This permits us

to seehow many clock cyclesthe processordedicatedto incrementing, decrementing,

reading, and writing referencecounts. From the �gure, we seethat if our processor

wereonehundred times faster, we would expect to save roughly one-third of the clock

cyclesspent on total referencecounting overheadwith dusty cache.

We expect to save even more clock cycles with faster systems, due to the

\memory wall" notion discussedin Chapter 1.
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Chapter 7

Conclusion

In this chapter we review the progressionof this thesisand the experimental results.

From this, we illustrate somecontributions and future work that may follow from

theseresults.

7.1 Thesis in Review

We designedand implemented the dusty cache write policy, and we present experi-

mental resultsthat show its e�ectivenessin executingthe garbage-collectiontechnique

of referencecounting.

We �rst approximated the memory savings with an instrumented JVM and a

cacheapproximation program. From theseresults,we discoveredthat the dusty cache

policy savesthe more memory writes as a data cache than as a uni�ed cache, and is

more e�ective for programsof greater object tra�c. We further discovered that we

can save 50%to 70%of the total referencecounting tra�c to memorywith our dusty

cache.

We implemented the dusty cache policy in VHDL and realized it with the

Liquid Architecture platform. We then created a Monte Carlo simulation in C to

run on this platform. We tailored this experiment to elicit similar microarchitecture

behavior to a JVM that usesreferencecounting garbage-collection.

Due to the recon�gurabilit y of the Liquid processor,we were able to attain

cycle-accurateperformancemeasurements of the dusty cache performanceas well as

write-back cache performance.We measuredthe writes to memory with both caches

in a Monte Carlo simulation. Our results show that dusty cache saves unnecessary
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memorytra�c dueto referencecounting in addition to other value-change-and-return

behavior in normal program 
o w.

Through our experiments, we have quali�ed the e�ciency of dusty cache in

practice: it is an e�ective data cache for momentary change-and-returndata values.

Though weprimarily explorereferencecounting asour exampleof this typeof data, we

make the casethat this cache write policy e�ectively prevents said writes to memory

in any instancewherea cached value changesand returns to its former value prior to

eviction.

7.2 Future Work

This thesishasquanti�ed the memorytra�c savings of dusty cacheand illustrated its

e�ectivenessfor di�erent typesof data and cache con�gurations. This opensseveral

avenuesof further dusty cache research.

� Dusty cache may work best asan exclusive data cache, explicity for momentary

change-and-returndata such as referencecounts. In this respect, the compiler

may route normal data tra�c through a generalwrite-back cache, but defer

referencecounting instrumentation to a block of memory bu�ered solely by a

dusty cache. The research would entail �nding an optimal compromiseof caches

to conserve chip spaceas well as prevent unncessarywrites to memory.

� Similar to the above,wecouldsegregatethe dusty cacheandoptimize a compiler

to track all possiblechange-and-returnvalues and route them to the dusty-

bu�ered memory space.

� In general referencecounting implementations, we see only increments and

decrements; we never seea referencecount overwritten by an identical value.

The dusty cache will prevent the ensuingunnecessarywrite to memory, yet this

identical overwrite gesturewas not measuredin this thesis. This gesturemay

be commonin other scenariosand merits investigation.
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