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Speculative multithreading (SpMT) is a promising optimisatiech- static analysis through the Soot bytecode compiler framework [38]
nique for achieving faster execution of sequential programsnultipro- and parsing of Java classfile attributes [29], and works on existing
cessor hardware. Analysis of and data acquisition from systems is multiprocessor systems. SableSpMT provides a full set of SpMT
however difficult and complex, and is typically limited to a sifie hard- support features, including genespeculative method level par-
ware design and simulation environment. We have implementediblée allelism (SMLP) andreturn value predictio(RVP). Our work is
software-based speculative multithreading architectiteimthe context of designed to facilitate SpMT research, and includes a unique debug-
a full-featured Java virtual machine. We consider the edtine language ging mode, logging, and portability amongst the features that make
and provide a complete set of support features for specalatiecution, it appropriate for experimentation and new designs.
including return value prediction. Using our system we dike @& gener- We report on both Java benchmark and framework behaviour to
ate extensive dynamic analysis information, analyse thetsfgf runtime illustrate the forms of experimental and design analysis we support.
feedback, and determine the impact of incorporating staffim®informa- Through dynamic measurements we show that wileculative
tion. Our approach allows for accurate analysis of Java SpMExisting, coveragethe percentage of sequential program execution that oc-
commodity multiprocessor hardware, and provides a vehicleuftiner ex- curs successfully in parallel, can be quite high in Java programs, the
perimentation with speculative approaches and optimisation overhead costs are significant enough in our initial implementation

to preclude actual speedup. However, we are able to perform ex-
periments to determine upper bounds on speedup in the absence of
all overhead, and our execution times are still better than those of-
. fered by hardware simulators providing similar functionality [20].
1. Introduction We also break down the SpMT overhead costs to determine per-
Speculative multithreading (SpMT), also known as thread level formance bot.tlenecks and set optimisation goa}ls. In our case over-
speculation (TLS), is a promising technique for dynamic paral- head is dominated by verification of speculative threads and the
lelisation of sequential programs. It has been investigated through oncomitant interprocessor memory traffic, lock and barrier syn-
many hardware proposals and simulations [2, 4, 5, 8, 11, 14, 16’chron|_zat|on, _an_d u_pdate cos_ts for return \{alue prediction (RVP),
17, 20, 21, 24, 25, 30, 31, 34, 35, 36, 37, 39, 41], and a smalter bu & runtime optimisation technlque that can improve SMLP perfor-
not insignificant number of software designs [3, 6, 18, 19, 26, 27, mance by up to 2-fold [16]. With regards to RVP, results gathered
28, 32, 40, 42], each offering its own analysis of various implemen- Wl_th!n our framework extend previous studies to |ncluqle more re-
tation and optimisation techniques. However, it is difficult to eval- @listic benchmark runs, offer further data on the relative benefits,
uate these proposals with respect to and in combination with eachféguirements and costs of various prediction strategies, and expose
other, as there are multiple source languages, thread partitioningthe_po_te“_t'al _beneflts_of exploiting both static and runtime feedback
schemes, SpMT compilers, and hardware simulators being used.CPtimisation information.
Even if these variables remain fixed, it is highly unlikely that an Hardware simulations have already demonstrated the great po-
identical software architecture and/or set of simulation parameterste”t'a! in speculative multithreading. We contend that the same
will be used. techniques, however, can be investigated more generally and ef-
We present SableSpMT as a common framework and solution ficiently at the virtu_al machine Ievel using co_mmodity muItip_ro-
to these problems, as an extension of the SableVM Java virtual ma-C€SSOr hardware, given an appropriate analysis framework. Virtua
chine [13]. SableSpMT provides a convenient hardware abstrac- Machines allow for exploration of complex design changes, facil-
tion layer by operating at the bytecode instruction level, takes the itate detailed instrumentation, provide high level information that

full Java language and VM specification into account, supports 1S Not generally available to hardware approaches, and are able to
interact directly with the underlying architecture. Our work is in-

tended to enable SpMT investigations by providing an execution
and analysis environment, a general design and componentry, and
real data from a working implementation.

Keywords Java, virtual machines, speculative multithreading,
thread level speculation, profiling, static and dynamic analysis.
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o We simplify the implementation and analysis of new SpMT de-  Lilja through manual Java source transformations [18]; similarly
signs by providing a deterministic, single-threaded uniproces- Welc et al. demonstrate good speedup of loops in easily parallelis-
sor mode, as well as logging facilities, statistics gathering, and able benchmarks, through applicationsafe futuregor Java [40],
full VM support. source level annotations that provide SpMT-like functionality and

e \We demonstrate that high level analysis information can be eas- depend on VM support for parallelisation. Opposingly, Warg and
ily exploited by our framework. Ahead-of-time results com-  Stenstdm argue that Java-based SpMT has inherently high over-
puted by Soot as well as runtime profiling-based feedback can head costs which can only be addressed through hardware sup-
passed to our execution engine to improve performance, and port [39]. Our data and analysis are significantly more comprehen-

we illustrate the technique using our work on RVP. sive than prior studies, and suggest that while overheads can be
e We provide detailed data on the speculative execution of non- quite high, there is sufficient potential parallelism to offset the cost.
trivial programs, which include a breakdown of overhead costs, We have analysed return value prediction as part of our investi-
the impact of highly accurate RVP, two different measurements gation into SpMT behaviour. Value prediction for SpMT has been
of dynamic parallelism, and overall running times. explored by several groups [4, 8, 25], and is generally well-studied.

. ) ) The specific utility of return value prediction for method level spec-
In Section 2 we discuss related work on the analysis of specu- jjation in Java was shown by Hat al. [16], with further prediction

lative multithreading. In Se(;tion 3 we dgscribe the general SpMT accuracy investigated by the authors [26, 27]; our value prediction
model we have used and give an overview of how our framework apnroach here is based on these designs.

is constructed and its main features. This includes an exposition
of the components required for Java SpMT, our multithreaded exe-
cution and single-threaded debugging modes, system configurations' Framework

options, and the data logging and trace generation features. In Sec\We begin with an overview of our framework, followed by a brief
tion 4 we analyse actual data and show the flexibility of our system exposition of our speculative execution model, and some of the fea-
in terms of data gathering. Finally, we discuss future work and con- tures of our framework that help with implementation and debug-
clude in Section 5. ging of such a complex undertaking.

2. Related Work Soot
Speculative multithreading approaches have been developed pri- Java class fles

marily in the context of novel hardware environments. A number

of general purpose speculative architectures such as the Multiscalar _ P Reboer
architecture [11], the Superthreaded architecture [37], MAJC [36], (:hef_d o)
Hydra [14], and several other designs [21, 34] have been peapos p (urdme) N
and simulation studies have generally shown quite good potential SablevM y

speedups. Steffapt al. give a recent implementation and good Attribute parser
overview of the state of the art in [35].

From the speculative hardware level, an executing Java vir-

tual machine does not have distinguished performance in com-
parison with other applications [39]. As an interpreted language,
however, Java can provide higher level abstractions and informa- ’

Single Threaded
(Speculative) Execution

Multithreaded
(Speculative) Execution

tion than generic machine code. High level program information

is used in a few hybrid software/hardware studies, including Chen

and Olukotun’s thread level speculation system for Java [5]. Java L i )
traces applied to simulated architectures have been used by several

researchers, including Het al. in their study of the impact of re- l oo

turn value prediction [16], and Whaley and Kozyrakis’ recent study y y ‘ v

of heuristics for method level speculation [41]. —— P PUn

Software architectures for SpMT are less common. Rundberg
and Stenstm describe a software approach to speculation in -
C [32] Thelr prototype |mp|ementat|on ShOWS good speedup’ but F|gure 1. The overall SabIeSpMT execution environment.
is verified only through hand done transformations and greatly lim- ) ) ] )
ited real world testing. Kazi and Lilja describe a software library for _ The overall SableSpMT execution environment is shown in
coarse-grained thread pipelinind 9], demonstrated through man- ~ Figure 1. SableVM prepares special speculative and normal non-
ual parallelisation of loops in C programs. The “Softspec” software SPeculative versions of methods at runtime from dynamically
speculation environment [3] concentrates purely on loop-based l0aded classes, which are read in from Javaass files. Soot [38]
speculation. The approach depends on machine code level runtime$S used to transf_orm, analyse, and attach_ attributes to these classes
profiling to identify independent loop bodies suitable for specula- in an ahead-of-time step [29], although this could also occur at run-
tive execution. Cintra and Llanos have developed a FORTRAN- time. Two execution modes are provided, a single-threaded “sim-
based System that also Specu|ates on |00p bodies [6] These apulano.n“ mode and a true multlthreaded mOde, both of Wh|Ch can
proaches all achieve good performance results, but none are baseexplolt a _retu_rn value prediction frameWOfk.. The multithreaded
on Java or designed specifically as experimental frameworks. mode splits single Java threads across multiple processors on an

Only very limited studies on language level speculation for Java SMP machine.
have been done previously. Yoshizee al. give results from a
partially hand-done loop level speculation strategy implemente
in a rudimentary (e.g., no GC) prototype VM [42]. They show Threads are created using the SpMT variant knowrsescula-
good speedup for simple situations, but lack of heap analysis lim- tive method level parallelis(SMLP) [4, 5, 16, 39, 41], depicted
its their results. A more convincing analysis is given by Kazi and in Figure 2. Ordinary sequential bytecode execution is shown in

g31 Speculative Method Level Parallelism



T1 T1
INVOKE<X> || INVOKE<X> ||
|~ fork __T2
<X>RETURN <X>RETURN L .
Join
(b)
D pre-method instructions
I:‘ method body
(@)

. post-method instructions

Figure 2. Sequential and SMLP-based bytecode execution.

Figure 2a, where the target method of laVOKE<X> instruction
executes before the instructions following the return point. Specu-
lative SMLP-based execution is shown in Figure 2b. Upon reach-
ing a method callsite, the non-speculative parent thigiaéorks

a speculative child threa@2. If the method is non-void, a pre-
dicted return value is pushed ar’s operand stackr2 then con-
tinues past the return point in parallel with the execution of the
method body, buffering all reads from main memory. Wherre-
turns from the call, it joing2. If the actual return value matches the

predicted return value, and there are no dependence violations be-

tween buffered reads and post-invoke valuess buffered writes

are committed and non-speculative execution jumps ahead to where

T2 left off, yielding speedup. If therare dependence violations or
the prediction is incorrect;2 is simply aborted.

non-sptehcruelaagx_/rel parent O(1) priority queue

SPMT_FORK enqueue C1
INVOKEVIRTUAL
SPMT_FORK| | enqueue C2 p
INVOKEVIRTUAL O Yoo
\Q\/// N
! fre‘e‘g SpMT helper thread pool
SPMT_FORK enqueue C3  y H
INVOKEINTERFACE
L s1 s2 s3
|| sPMT_GETFIELD
RETURN L i
SPMT_JOIN| |delete C3 || SPMT_PUTFIELD
ITRETURN cpu2| |cPu3| |crua
SPMT_JOIN| |deletec2 ;
- SPMT_MONITOREXIT !
L / free CPU pool
“cleanup
ARETURN
SPMT_JOIN| |join C1

non-speculative execution .

synchronization points D
speculative execution D

Figure 3. Multithreaded mode.

Many components are needed for SMLP to work properly in
a JVM, the full details of which are given in [28]. A high level
view of the multithreaded mode that brings together all of these
components is shown in Figure 3. dependence buffgrrotects
main memory from out-of-order and possibly invalid speculative
operations, and some form sfack bufferings necessary to give

child threads a protected execution context. N&®BNMI_FORK and
SPMI_JO Ninstructions surround every callsite; the fork instruction
inserts child threads into a priority queue, which are dequeued and
executed on separate processors by Spidiper threadsand the

join instruction stops and validates children, either committing or
aborting them. While executing speculative code, we meedified
bytecode instructionso protect against unsafe control flow; for
example GETFI ELD is modified to read from a dependence buffer,
and MONI TOREXI T causes speculation to come to an abrupt halt,
although it does not automatically force abortion. Finally, we need
to make sure speculation interacts safely with exception handling,
garbage collection, native method execution, synchronization, class
loading, and the new Java memory model [23].

We make several different optimisations to these components in
SableSpMT, some of the more notable ones being aggressive return
value prediction [26, 27], improvements to the dependence buffer,
allowing for speculative threads to enter and exit methods, better
enqueuing algorithms, speculative object allocation, and reduction
of interprocessor memory traffic. Most of the techniques we have
encountered in the literature can also be implemented within our
framework; in Section 4 we illustrate typical data gathering and
analysis using our work on return value prediction and the specula-
tive engine itself as examples.

3.2 Single-threaded Mode

.| allocate child thread from free list
| copy parent JNIEnv to child

copy parent stack frame to child
initialize dependence buffer
adjust operand stack height

SPMT_FORK
predict return value (optional)

if instance is null then sto|
if address not in write buffer
if address not in read buffer
insert address as ke
read value into read buffer
return value

save parent pc and stack_size
.| jump over invoke
* | switch to speculative code array

SPMT_GETFIELD

if instance is null then stop
if address not in write buffer
insert address as key
write value into write buffer

|| sPMT_PUTFIELD

stop speculation immediately
save child pc and stack_size
restore parent pc and stack_size

[ spuT_MonITOREXIT

INVOKEVIRTUAL enter parent target non-speculatively
all operations are permitted:

- reading from main memory

- writing to main memory

- throwing exceptions

- entering native methods

- locking and unlocking objects

- starting the garbage collector

ARETURN - ‘ return to non-speculative callsite ‘

SPMT_JOIN

get child pointer from stack frame
if (actual return value == prediction &&
gc was not called in parent &&
uffers did not overflow &&

non-speculative execution . read buffer passes validation)

transition points D
speculative execution D

Figure 4. Single-threaded simulation mode.

n
commit all values in write buffer

copy all stack frames entered by child
\ restore child pc and stack_size

\ | free child thread to free list

\| continue execution non-speculatively

One of the unique features of our design is a single-threaded
simulation mode that mimics the process of speculative execution
in a single thread. Early on in the development of SableSpMT, we
found ourselves wanting some way to test the components we had
written in the context of an executing JVM, without introducing the
complexity of actual concurrency into our debugging process. The
resulting deterministic design is shown in Figure 4. In this mode
a single thread of Java execution follows the complete speculative
control flow. Upon reaching a fork point, the method call is skipped,
and the ensuing code is executed speculatively; when a terminat-
ing condition is reached, the same thread jumps back to the non-
speculative execution of the method call, and upon returning from
the call, it attempts to join with its own speculative result.



There are three primary advantages to having this single- when implementing new techniques. SableVM supports only the
threaded simulation mode. First, it allows for testing of SpMT JVMDI and JDWP for integration with debuggers at this time,
components in an incomplete system, most importantly one with- and although we do not provide trace compression or an imple-
out multiprocessor support. It does so by providing state saving mentation and extension of the related JVMPI or JVMTI profiling
and restoral, and interleaving the execution of speculative and non-interfaces, these facilities could be incorporated to permit detailed
speculative code. Second, by not running multiple threads it pre- analysis of SpMT execution traces, using a dynamic metrics tool
vents race conditions, deadlocks, and memory traffic from inter- such as *J [9].
fering with development, helping to minimize the search space
when faced with debugging. We were able to alternate coding with ; :
designing support for SpMT according to the full JVM Specifica- 4. Experimental Analysis
tion [22], and only after we had completed a requirements analysis In this section we describe our return value prediction framework,
in this manner did we develop the multithreaded execution mode. the integration of static analyses into SableSpMT, and various kinds
Third, it means we have the foundations for Java checkpointing of dynamic analysis available to the researcher. We provide exper-
and rollback within a virtual machine. This has utility for Java imental results to demonstrate how these analyses give insight into
outside of SpMT, in traditional debugging [7], database transac- the runtime behaviour of individual benchmarks, components of the

tions (e.g. inj ava. sql . Connect i on() ), formal verification [10], framework, and the framework as a whole, and how they suggest
fault-tolerance [12], and software transactional memory [15]. interesting areas for future investigation and optimisation research.
3.3 System Configuration 4.1 Return Value Prediction

System properties specified on the command line are used to seMethod call return values are often used relatively soon after a
lect different SpMT algorithms and data structures, which facil- method call. Return value prediction (RVP) allows a speculating
itates experimental analysis by eliminating the need for multiple thread to proceed further without failing due to such a dependency
VM builds. As changes to SableSpMT are introduced, rather than by heuristically predicting the return value. It was previously shown
outright replace old control flow or adjust constants to optimal val- that accurate RVP is critical for Java SMLP performance [16],
ues, system properties are used wherever possible, and thus it i&nd on this basis we set out to explore highly accurate RVP in
straightforward to make controlled comparisons and revert to old SableSpMT [27]. We implemented several well-known predictors,
configurations. In finalized builds, these properties can be automat-including a context predictor that uses a per-callsite hashed history
ically converted to constants via preprocessor directives and a sin-of the last five return values, and a hybrid predictor that selects
gle Autoconfconf i gur e option, so that the added runtime over-  the best of several sub-predictors at runtime. We also introduced a
head of conditionals testing them will be optimised away. At the powerful new memoization predictor that associates return values
time of writing, there are over 50 such properties, controlling ev- with hashed method arguments. When existing predictors were
erything from maximum RVP hashtable sizes to the number of ex- combined in a hybrid we achieved an average accuracy of 72%
ecuting SpMT helper threads, and it is easy to introduce new ones.over SPECjvm98, and the inclusion of the memoization predictor
The only other significant compile-timenf i gur e optionsin Sa-  increased this average to 81%. Exploiting VM level knowledge
bleSpMT allow the user to 1) enable SpMT in the first place, 2) about the width of primitive types allowed us to reduce hashtable
enable debugging and assertions, and 3) enable statistics gatheringhemory by 35%.

for post-execution analysis. Full details on the analyses performed in our initial RVP study
are available in [27]; two of the neater results obtained were how
the context and memoization predictors exhibited dramatically dif-
ferent accuracy depending on benchmark, and how we were able
to identify a small percentage of callsites as being responsible for

3.4 Logging and Trace Generation

T1: P16384 - @x2a976bad68 ALOAD 0O

T1:P16384 - @x2a976bad70 SPMI_FORK either the production or consumption of highly variable data, ac-

T1:P16384 - ENQUEUE SPMI CHILD @x5ed8s0 cording to final context or memoization predictor sizes respectively.

T1:P16384 - @x2a976bad88 | NVOKESPECI AL The RVP system is now a key part of SableSpMT; it is easily ex-

T1:PA9156 S DEQUEUE SPMI' CHILD @x5ed850 tendable to support new types of return value predictors, and could

T1: PA9156 S START SPMT even be used for general purpose load value prediction by specula-

T1: P16384 - entering javal/lang/ Qject.<init>()V tive threads.

T1: P49156 S @x2a976baf 38 ALOAD 0O

T1: P16384 - @x2a976baf 90 RETURN 4.2 Static Analysis

T1: P49156 S @x2a976baf 40 ALOAD 1 . . .

T1: P16384 - exiting javallang/ Cbj ect. <init>()V The Soot bytecode compiler framework [38] is a convenient tool

T1: P16384 - @x2a976badb0 SPMI_JOI N for ahead-pf-tlme static ana_IyS|s and transformatlon in the absence

T1: PA9156 S @x2a976baf 48 SPMI_PUTFI ELD of the runtime static analysis support typically found in JIT com-

T1: P16384 - signal ling spnt thread halt @x5ed850 _pllers. In Figure 6 we show the use of Soot to transform the base

T1: PA9156 S STOP SPMT - S| GNALLED BY PARENT input Je_lva classfiles in order to ins&RMT_FORK and SPMT_JQ N _

T1: P16384 - SPMI PASSED @x5ed850 instructions. The_same process can also be used_ to append static
analysis information as classfile attributes [29], which are then in-

Figure 5. SpMT execution trace. terpreted by the SpMT engine.

We use side effect and callgraph information derived from
Finally, SableSpMT provides a comprehensive logging and Soot’s points-to analysis in two compiler analyses for improved
trace generation system that can present Java SpMT events byRVP, and study the effect on runtime predictor behaviour using our
themselves, or interleave them with existing execution traces of framework [26]. The first analysis is @turn value useanalysis
class loading, method invocation, garbage collection, synchroniza- (RVU), that determines how return values are used after return-
tion, and bytecode execution. An example trace with interleaved ing from a method call. We find statically that an average 10%
method invocation, bytecode, and SpMT events is shown in Fig- of non-void callsites generatenconsumedeturn values, and 21%
ure 5. These traces are primarily useful for debugging purposesof callsites generatmaccuratereturn values, which we define as



Java .class files parent
|

fork and .
enqueue child child
Soot [] dequeue
SPARK [ |and initialize
(points-to)
Side effects . Call graph
]
value use
Fork and join ~ . .
insertiojn . non-speculative execution
Parameter -
i I child and fork/j head
wiirelent e I T I b
save state
validate child and — D speculative execution
] Figure 7. Speculation overheadoth non-speculative parent and spec-
Java .class files + attributes ulative child threads suffer wasted cycles due to overheddrk at join
points.
SablevM
Predictors
[ Memoization | [ Hybrid | parent executidfconp| db [j acklj avaclj ess|npeg[ntrt] rt

| Context |[ ... ] USEFUL WORK| 39%| 24% 29% 30% 21% 59% 49% 58%
initialize child| 2%| 5%| 3%| 4%| 4% 2%| 1% 2%

enqueue chilll 4%| 109% 10%  9%| 7%| 3%| 2%| 2%
TOTAL FORK|[ 6%| 15% 13% 13% 11% 5% 3% 4%
update predictar 7%]| 13% 12% 11% 12% 6%| 7%| 7%
delete child 5%| 5%| 5%| 4% 5%| 2%| 2%| 2%
signal and walf 15%| 14% 119 11% 19% 8% 26% 11%
validate prediction 4%| 4%| 4% 5%| 7%| 3%| 2% 3%
validate buffef| 4%| 6%| 6% 5%| 5%| 3% 1%| 2%

Figure 6. Static analysis integration.

those that are used only inside boolean or branch expressions. Ac-
tual runtime measurements show less improvement: only 3% of

cliiro}amlc me_thod invocations return uncon_sumed values, whereas commitchildl 59 596 796l 6% 6% 3%l 2% 3%
% return inaccurate values. This analysis does reduce hashtable abort child) <19%|<19%| <1%| <1%) <1%| <1%) <1%| <1%
collisions, saving 3% of predictor memory and increasing accuracy clean up child <19%|<1%| <1%| <1%| <19%| <1%| <1%|<1%
by up to 7%. profiling|| 119 10% 10% 1296 119 7% 5% 6%

The second analysis computearameter dependend®D), a TOTAL JOIN| 53%| 59% 57%| 56% 67% 34% 47% 36%
form of slicing that determines which parameters affect the return PROFILING| 2%| 2% 1%| 1% 1%| 2%| 1% 2%

value. Statically, we observe that 25% of consumed callsites with
one or more parameters have zero parameter dependencesl an@ble 1. Non-speculative thread overhead breakdo®arent execution
23% have partial dependences, such that the return value does notonsists of useful work, fork overhead, and join overheau] also the
depend on one or more parameters. At runtime, however, we find profiling overhead inherent in delineating these three dbtaaks. Profiling
that 7% of dvnamic method invocations have éero de éndencesm the join process includes the cost of gathering overhefadfor the other
y . p “eight sub-tasks, and of updating various SpMT statistics.

and only 3% have partial dependences. The results of this analysis
are exploited to eliminate inputs to the memoization predictor,

and the accuracy of memoization alone faick, j avac, and helper executiofconp| db [j ack[j avac]j ess[npeg[ntrt] rt
j ess increases by up to 13%, with overall memory requirements IDLE 86% 8294 78%9 78% 78% 55% 53% 71%
being reduced by a further 2%. Although these analyses yield only [INITIALIZE CHILD | 3%| 4%| 4% 4% 4% 2% 5% 4%
incremental improvements, at least in their current form, they do startu <1%|<1%| <1%| <1%| <1%| <1%| 1%|<1%
demonstrate how new static analyses can be easily incorporated query predictof  3%| 5%| 4%| 4% 6% 5%| 15% 8%
into SableSpMT and both validated and employed at runtime. usefulworkl 5%| 6% 10% 10% 10% 34% 20% 13%
shutdown| <1%|<1%| <1%| <1%| <19%)| <1%| <1%|<1%)
4.3 Dynamic Analysis profiling|| <1%|<1%| <1%| <1%| <1%| 1%| 2%| 1%
. . . . EXECUTE CHILD| 9%| 12%| 16% 169 17% 41% 40% 24%
We now describe dynamic analy5|_s of_the SableSpMT engine, an AN Up CRILDI <19 =196 <1% <19 <196 < 196 <196 <1%
extension of the SableVM 1.1.9 switch interpreter. All experiments PROFILING 196 196 106 196 <1%| 196 1% <1%

were performed on a 1.8 GHz 4-way SMP AMD Opteron machine
running Linux 2.6.7, using native 64-bit binaries and running the Table 2. Speculative thread overhead breakdowielper SpMT threads
SPECjvm98 benchmark suite [33] at size 100 (S100). Children execute in a loop, idling for an opportunity to dequeue akitdfrom the
were forked at every callsite reached non-speculatively, all free pr  priority queue, and then initialize them, execute them, amrclthem
cessors were occupied by speculative helper threads, and an optitp. The child execution process itself consists of startyerying the

mal return value prediction configuration was used, unless other- réturn value predictor, useful work (currently only bytdeoexecution),
wise stated. and shutdown, induced by reaching some termination condifitrere

is profiling overhead both when executing speculative caohe] when
switching between tasks in the helper loop.

4.3.1 Speculation Overhead

The overhead of thread operations in any SpMT system is a major

concern [39], and this is especially true in a pure software environ-  The striking result in Table 1 is that the parent spends so much
ment. We introduced profiling support into our framework in order of its time forking and joining speculative threads that its opportu-
to provide a complete breakdown of SpMT overhead incurred by nities for making progress through normal Java bytecode and na-
both parent and speculative child threads; refer to Tables 1 and 2tive code execution are reduced by up to 5-fold. We see that join-
respectively. As shown in Figure 7, parent threads suffer ovdrhea ing threads is significantly more expensive than forking threads,
when forking, enqueuing, joining, and validating child threads, and and that within the join process, predictor updates and waiting for
child threads suffer on startup and when they reach some stoppingthe speculative child to halt execution are the most costly sub-
condition. categories. Other overhead sub-categories are not insignificant, and



in general, optimisations to any of them will improve performance. 60
The cost of profiling is high, but disappears in a final build.

In Table 2, we can make several observations about the execu-
tion of speculative children. First, the SpMT helper threads spend
the majority of their time being idle, waiting to dequeue tasks from
the priority queue, the implication being that the queue is often
empty. In these experiments, we allow for out-of-order spawn-
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ing [31], in which multipleimmediatechildren are attached to a

non-speculative parent, one per Java stack frame. However, we do g 10

not allow for speculative children to fork speculative children of m H

their own, which greatly limits the available parallelism. Once sup- 0 234 234 234 234 2354 234 254 234
ported, we will use the same profiling system to analyse the effect comp db  jack javac jess mpeg mtrt rt

that forking several generations of children has on both parent and—; - - - -
child overhead, and hope to see a decrease in the number of idle=iguré 8. Speculative coverage with and without RVRe SPECjvm98
helper cycles. ben'chm_ark_s are shc_>wn running with 2, 3, and 4 proc_es_sor_s,lmdalrk

We also note that when the helper threags running spec- regions indicate the improvement as return value predici@mabled.
ulative children, they spend a majority of their time doing useful
work, which is bytecode execution only for speculative threads; in available to optimisations by associating data with the fork and join
fact, if idle times are ignored, more cycles are spent doing useful points surrounding invokes. Currently our optimisations are writ-
work speculatively than non-speculatively. Outside of bytecode ex- ten to exploit per-callsite information and thus context-sensitivity,
ecution, we see that predictor lookup is quite expensive, most likely although the data does generally remain available on a per-target
because of synchronization on dynamically expanding hashtables. pasis.

. ) In the context of return value prediction, our hybrid predic-

4.3.2 Parallelism Analysis tor selects the best sub-predictor over the last 32 return values,
SableSpMT allows for investigation into runtime speculative par- predictor hashtables expand according to load factors and perfor-
allelism at a fairly fine granularity. Speculative thread lengths are mance, and future work will address disabling sub-optimal pre-
recorded on a per-callsite basis and can be analysed in both thedictors after a warmup period. In the context of choosing optimal
single-threaded simulation (ST) and multithreaded (MT) modes. fork points, we assign child thread priorities or disable speculation
Thread length information, particularly when associated with spe- completely according to various dynamic profiling data, includ-
cific callsites, can be quite instructive as to the effect of SpMT op- ing transitive method size, speculation success and failure, spec-
timisations on the system. In the ST mode, children run until either ulative sequence lengths, and premature child termination due to
an unsafe operation occurs or an arbitrary limit on sequence lengthover-frequent forks.

is reached. Using a sequence length limit of 1000 instructions, we  Itis worth noting that we have not discovered an optimal heuris-
find that over all speculative children, 30% are successful and in tic for forking new threads, although others have done work in this
the 0-10 bytecode instructions range, with very few failures, and field on simulated hardware [41]. As we disable speculation at un-
15% are successful and run for 90+ instructions. On the other hand,desirable fork points, our system exhibits significant speedup, but
25% of all threads are accounted for by failures at 90+, which de- the source of this speedup is both better opportunity for specula-
rives from the correspondance between thread length and risk oftion as well as reduced overhead. Given that significant reductions
dependence violation or unsafe execution [28]. in overhead are likely possible without reducing the number of dy-

In the MT mode, child threads are also stopped when parents namic forks, we defer this investigation until no further speedup
return to fork points or pop frames in the exception handler, and can be made on that front.

80% of speculative threads are accounted for by success in the 0—4 34 E ion Ti
10 range, with only 1-2% found in subsequent 10 instruction buck- ™" xecution Times
ets. As we reduce overhead costs, we expect children to run longer,
and for parallelism to increase. An interesting point to note is thatin
hardware simulations, thread lengths of@chinanstructions are
considered impressive [17], and although uncommon, some chil-
drenin our MT mode can run for hundredsytecodenstructions.

In Figure 8, we examinspeculative coveragé¢hat is, the per-
centage of sequential program execution that occurs successfully in
parallel. Addln_g processors tothe system has an effect on all ben_Ch'TabIe 3. Execution times and relative speed@eometric means do not
marks, and with just 4 processors and no support for speculativejnciuder ayt r ace (rt ), the single-threaded version f r t .
children of speculative children, the amount of parallel execution
is quite high, nearly 33% on average. Disabling the RVP frame-  ajthough the focus of this work is in demonstrating the utility
work brings the average speculative coverage on four processorsyt gapleSpMT as a research and analysis framework, measurable
from 339% to 19%, and thus we can confirm the result previously speedup remains the ultimate goal of any speculative system, and
obtained by Hiet al, namely that RVP plays an important role in e provide overall performance data in Table 3. We compare our
SMLP. multithreaded results against executions where SpMT failure is ar-

. - tificially forced at every join point, and are thus able to provide a
4.3.3  Runtime Profiling dynam);c upper boundyoln sp[()eedup by factoring out ove?head con-
SableSpMT provides a facility for runtime profiling and feedback- cerns. The geometric mean speedup over SPECjvm98 of normal
directed optimisation. This is often crucial to performance in run- speculation against a forced failure baseline is 1.34x. It is worth
time systems; for example, JIT compilers typically depend on in- emphasizing again that as speculative threads become able to fork
terpreter profiling to determine hot execution paths [1]. We make their own children, this upper bound is expected to expand. Al-
various measurements of the dynamic performance of our systemthough this approach is not perfectly accurate for obvious reasons,

experiment |conp| db |j ack|j avac|j ess|npeg|ntrt | rt |mean
SpMT must fail||1297¢ 9313 2939 6419 6659 6693 10173 15303 7224
SpMT may pas$l224g 7339 2119 4683 4053 6629 5593 7369 5393
relative speedup1.06X1.27X 1.39x 1.37X 1.64X 1.01x 1.82X 2.08X1.34
vanilla SableVM| 3689 1449 43§ 1089 779 3479 559 679 1203
actual slowdowr) 3.33x5.09x 4.91X 4.33x 5.26X 1.91X10.16X10.99x4.49
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