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ABSTRACT

With billion-transistor chips on the horizon, single-chip mul-
tipro cessors(CMPs) are likely to becomecommodity com-
ponents. Speculative CMPs use hardware to enforce de-
pendence, allowing the compiler to improve performance
by speculating on ambiguous dependenceswithout abso-
lute guarantees of independence. The compiler is respon-
sible for decomposing a sequerial program into specula-
tively parallel threads, while considering multiple perfor-
mance overheads related to data dependence, load imbal-
ance, and thread prediction. Although the decomposition
problem lends itself to a min-cut-based approach, the over-
headsdepend on the thread size, requiring the edgeweights
to be changed as the algorithm progresses. The changing
weights make our approach dierent from graph-theoretic
solutions to the general problem of task sdceduling. One
recert work usesa set of heuristics, eac targeting a specic
overhead in isolation, and gives precedenceto thread pre-
diction, without comparing the performance of the threads
resulting from ead heuristic. By contrast, our method uses
a sequenceof balanced min-cuts that give equal considera-
tion to all the overheads,and adjusts the edgeweights after
every cut. This method achieves an (geometric) average
speedup of 74% for oating-p oint programs and 23% for in-
teger programs on a four-pro cessorchip, improving on the
52% and 13% achieved by the previous heuristics.
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1. INTRODUCTION

Single-chip multipro cessors(CMPs) are likely to become
commodity components within a few years, asthe number of
transistors per chip crosseghe onebillion mark. CMPs may
be operated as conventional multipro cessors,where explicit
parallelism is exploited from concurrently running applica-
tions or parallel sections within a single application. It is
dicult, however, for programmers to parallelize applica-
tions manually. Compilers have been successfulparalleliz-
ing numerical applications; non-numerical codes confound
compilers with dependencesthat are not statically analyz-
able. To alleviate this problem, speculative CMPs [10, 26,
29, 30, 32, 36] have beenproposedto exploit the parallelism
implicit in an application's sequerial instruction stream.
Becausespeculative CMPs use hardware to enforce depen-
dence,the compiler can improve performance by speculating
on ambiguous dependenceswithout absolute guarantees of
independence.

Speculative CMPs provide the compiler with the samein-
terface as a standard, sequernial processorwhile supporting
the safe, simultaneous execution of potentially dependert
threads. The compiler may view a speculative CMP as a
multipro cessorin which the simultaneous execution of de-
pendent threads results in performance degradation rather
than incorrect execution, and can selectthreads to optimize
run time. The compiler is responsible for decomposing the
control- o w graph (CFG), and hencethe sequeriial instruc-
tion stream, into these speculatively parallel threads. The
compiler creates speculative threads by inserting boundary
marks into the sequertial instruction stream to tell the CMP
whereto speculate; that is, which code segmerts to try to ex-
ecute in parallel with eadh other. The CMP usesprediction
to select and execute a set of threads while enforcing cor-
rectness, such that the program's output is consistert with
that of its sequernial execution. To enforce correctness,the
CMP employs data-dependence-traking mechanisms, keeps
uncertain data in speculative storage, rolls back incorrect
executions, and commits data to the memory system only



when speculative threads succeed.

Because thread decomposition is a critical factor in de-
termining the performance achieved by a speculatively-
threaded program, the decomposition scheme used by the
compiler is key to the successof the speculative approach.
To perform thread decomposition, the compiler faces mul-
tiple performance overheads related to data dependence,
load imbalance, thread size, and thread prediction. Ide-
ally, no data dependenceshould crossa thread boundary to
avoid dependence-syntironization delays and dependence-
violation rollbacks; thread sizesshould be chosento avoid
load imbalance; a thread should be large enough to amor-
tize its dispatch overhead, but small enough such that all
of its speculative data can be buered; and thread se-
guencesshould be predictable to avoid misprediction roll-
backs. Finding optimum program decompositions in general
is NP-complete [25].

Becausethis problem requires partitioning a program, it
naturally lends itself to a min-cut-based approach. Cer-
tainly , others have used graph-theoretic approachesto solve
compiler problems. Most relevant are static scheduling al-
gorithms [18] that map threads from an explicitly paral-
lel program onto processorswhile minimizing interthread-
communication overhead and load imbalance. These algo-
rithms share a subset of the goals { minimize dependences
and load imbalance { of this decomposition problem. Nev-
ertheless,there is a fundamental di erence betweensdedul-
ing and our decomposition. In our case,all the overheads
due to data dependence,thread-sequencemisprediction, and
load imbalance depend on the size of the threads. Because
an edge'sweight represerts the run-time overhead incurred
by cutting the edge, our weights depend on thread sizes
and change as the algorithm progressesand newer threads
are made. In contrast, the weights in scheduling are xed
at the beginning and do not change. Decomposition us-
ing xed weights results in poor speculative-threaded per-
formance becausethe weights lack a relationship to over-
head. Apart from the changing weights, most scheduling
algorithms [18] make assumptions that are not applicable to
our problem, such as unlimited processors,uniform thread
run time, or constant communication cost (i.e., weights are
the samefor all edges).

Some past approaches for decomposition have focused ex-
clusively on loops [17, 20, 27]. Unfortunately , non-loop code
sections are crucial for non-numerical programs, which are
the primary target for speculative CMPs. To that end, [31]
applies seweral dierent heuristics to build threads from
loops and non-loops. The heuristics, however, do not con-
sider load imbalance and uselimited dependenceand predic-
tion information. The heuristics consenatively attempt to
make threads out of all loop bodies, and terminate threads
at all but the smallest function calls, ignoring opportuni-
ties for coarser parallelism. The heuristics target the over-
heads of data dependence,load imbalance, and thread pre-
diction seprately, and give precedenceto thread prediction,
without comparing the performance of the threads resulting
from ead isolated heuristic. In contrast to [31], this paper
choosesthe best-performing threads by giving equal consid-
eration to all the overheads using a min-cut-based approach.
Both techniques are back-end compiler algorithms that do
not modify the application's source code.

We apply min-cut on the CFG of eac procedure of an
application. In any min-cut-based approach including ours,

where overhead due to data dependence and thread pre-
diction can be represerted as edge weights, load imbalance
does not lend itself to being represerted as edge weight.
Consequerily, we use balanced min-cut [35]. For balanc-
ing, [35] modies a min-cut to reduce the dierence be-
tween the vertex sizes of the cut's two vertex sets. Our
balancing is signi cantly more sophisticated in that it re-
ducesthe overall run time of the threads resulting from the
cut. We employ an abstract-execution-based scheme to es-
timate run times of candidate thread sets. Combined with
the previously-mentioned requirement that our edgeweights
change as newer cuts are made, our approach performs a
sequenceof balanced min-cuts where the edge weights are
adjusted after each balanced cut.
Our main contributions are:

We are the rst to map the speculative-thread decom-
position problem onto a graph-theoretic framework.
By using a sequenceof balanced min-cuts and adjust-
ing the edgeweights after every cut, we give equal con-
sideration to the overheadsof data dependence,thread
prediction, and load imbalance.

We intro duce a method for assigningedgeweights such
that the cost of cutting a control- o w edgemodels the
data dependence and thread misprediction overhead
cycles incurred by placing a thread boundary on the
edge.

We presert an abstract-execution-based scheme for
comparing execution times of candidate threads.

We have implemented the algorithm aspart of a fully-
automated, prole-based compilation process that
measuresl?7 C and Fortran SPEC CPU2000 programs.
Our method achieves an (geometric) average speedup
of 74%for oating-p oint programs and 23% for integer
programs, improving on the 52% and 13% achieved by
the approach in [31].

In Section 2 we explain the execution model of a spec-
ulative CMP, followed by a discussion of our algorithm in
Section 3 and results in Section 4. Additional related work
is discussedin Section 5.

2. SPECULATIVE EXECUTION

MODEL

We intro duce an execution model for speculative CMPs
in terms of the execution overheadsthat are a ected by the
compiler's choice of thread boundaries. Our model is gener-
ally applicable to the architectures mentioned in Section 1.
The primary di erence among the architectures lies in the
cache protocol they use for managing speculative storage
and detecting misspeculation. Di eren t cache protocols im-
pact performance, but do not change the compiler's view of
the execution model [3, 8, 9, 11, 28]. Thread-level specula-
tion also has appeared in virtual machines [14]. The prob-
lem of partitioning a program into speculative threads arises
with all of these architectures.

CMP

Thread Execution.A thread dispatcher (in hardware)
fetches threads from the sequertial instruction stream and
dispatches them to processors. It uses prediction to de-
cide which thread to dispatch next. A thread's execution



may be incorrect either becausethe prediction was wrong,
resulting in a control-dep endenceviolation, or becausean
interthread data dependencewas violated. The CMP de-
tects both typesof violations and reacts by rolling back and
restarting threads as necessary[7, 9]. The oldest thread
in execution (w.r.t. sequertial order) is always nonspecu-
lativ e, guaranteeing progress, while all younger threads are
speculative. A speculative thread keepsits uncertain data
in speculative storage until it becomesthe nonspeculative
thread and commits changesto memory. A formal execu-
tion model can be found in Section 2 of [16].

Data DependenceRollbak Overhead.True depen-
dences that cross thread boundaries may lead to data-
dependenceviolations and causerollbacks, asin Figure 1. A
data-dependenceviolation is detected at the write reference
to a memory location that wasread previously by a younger
thread. The reader and all younger threads are rolled back
asin Figure 1. The entire run time of the rolled-back threads
is overhead.

Only true memory dependences(read-after-write) cause
violations. Anti (write-after-read) and output (write-after-
write) dependencesare properly handled by bu ering in the
speculative storage. Furthermore, register dependencesare
speci ed by the compiler, allowing the hardware to commu-
nicate register values from one thread to another as appro-
priate [2]. CMP architectures also have evolved to learn and
synchronize dynamically any frequently-encountered mem-
ory dependencesthat impede parallel execution [19].

Control DependenceRollbad Overhead.Control de-
pendencerollbacks are caused by thread misprediction. A
control dependence violation is detected when an older
thread completes and its actual successordi ers from the
predicted successor. The overhead is the run time of all
rolled-back, younger threads asin Figure 1.

Processors
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Figure 1: Rollback due to a data or contr ol dependence
violation: Thread numbers indicate sequential order.
Thread 1 detects a violation in thread 2. Thread 2 and
the younger thread 3 are rolled back, follo wed by the
dispatc h of new threads on P2 and P3. Threads 2b and
3b may or may not be the same as threads 2 and 3.

Load ImbalanceOverhead.Threads of unequal size can
causeload imbalance, as in Figure 2. The imbalance stems
from an architecture property: threads are dispatched to the
processorsin a cyclic order and a processordoesnot receive
a new thread until it has committed its current thread. Be-
causethreads commit in program order, later threads have
to wait for previous threads to commit. A large thread pre-
ceding (in program order) a small thread causesthe small
thread to wait until the large thread commits, idling exe-
cution cycles. Maintaining a cyclic dispatch order allows
the sequenceof threads to be determined easily for rollback

operations. Although this order simpli es the architectural

design, it results in load imbalance. With more complicated
hardware it is possibleto avoid this overhead by dispatch-
ing out-of-order or executing multiple threads per processor
core. Such hardware, however, may impact the accessspeed
of the memory hierarchy. We do not assumesuch hardware
in this paper.

Processors
THime rPo B B2 P3

Figure 2: Load imbalance: Strict cyclic dispatc h order
inheren t in the arc hitecture leads to load im balance.

Genenl Thread Overhead.Although thread dispatch is
e cien t, it remains a signi cant overhead for small threads
(i.e., lessthan twenty cycles). Decomposing a program into
large threads will reduce the signi cance of this overhead;
however, much larger threads (i.e., thousands of cycles) may
over ow the speculative storage becausethey will include
more writes to memory. An over o w completely stalls spec-
ulativ e execution, until the nonspeculative thread completes
and allows the next thread to becomenonspeculative, free-
ing speculative storage. Storage over o w occurs only in very
large threads that accessmany distinct memory locations,
and was not an issuein our benchmarks. Techniques exist
to reduce the amount of speculative storage required by a
program [8, 16].

3. COMPILER ALGORITHM
THREAD DECOMPOSITION

FOR

3.1 Compiler'sDe nition ofaThread

The compiler createsthreads by designating control- 0 w
graph (CFG) edgesas thread boundaries. A thread begins
at the rst basic block of a procedure or after any thread
boundary. The set of basic blocks in a thread is de ned as
the set of blocks reachable from its starting block without
crossing a thread boundary. More formally, for a CFG G =
fV; Eg, where vertices represern basic blocks, the compiler
determines boundary edgesE, E sudh that:

v 2V beginsathread i 9e2 Ep s.t. e= (U2 V;v)
or v is the initial block of a procedure.

w 2 V is part of the thread beginningatvi v,; w
in the graph fV;Egg, where E; = E  Ep.

A CFG with some cut edgesis shown in Figure 3. Conve-
niently, ead thread can be uniquely identied by its rst
basic block. A basic block is part of one or more threads
and the compiler back end replicates blocks as necessaryto
package code into threads. Function calls are special: they
can either be included or excluded from the calling thread.
If included, all thread boundaries within the callee are ig-
nored at run time; the hardware creates the illusion that
the compiler had chosenE, = ; for the CFG of the callee.
Thus, inclusion prevents thread boundaries within function



calls from interrupting the calling thread, allowing the call-
ing thread to contain more basic blocks at run time. If
excludal, thread dispatch will continue with the threads in
the callee. Figure 4 demonstrates inclusion versus exclu-
sion and the e ect on the number of run-time threads. This
mechanism is our only means of making context-sensitiv e
decisions for function calls, since thread boundaries within
a function body are the same no matter the location from
which it was called. The decisionto include or exclude a call
is made statically at ead call site on the CFG. Hence, the
entire function can execute as part of the calling thread, or
executeasa xed set of threads. Thread boundaries within
a loop apply to all iterations of a loop.

~F

i

k<2
Figure 3: Relationship between basic blocks, threads, and
edges: E, = fes;esg while Ep = fer;er; es;es;€7;e50. Basic
blocks A, E, and F begin new threads. Thread Ta con-
tains blocks A, B, C, and D; Tg contains blocks E, F,
and G; and Tg contains blocks F and G.

Threads 1 to N
excluded call f()
call f() N threads inside £)
—
included Thread N+1
call g() call g)

Figure 4: Function call exclusion versus inclusion: f() is
excluded, so the threads it contains are executed; g() is
included, so the call and everything below it on the call
graph executes as a single thread.

3.2 Approach

3.2.1 Goal

The goal of our algorithm is to maximize the potential
parallelism exposedto the underlying speculative CMP ar-
chitecture. The architecture exploits the parallelism when
it is actually presert and ensurescorrectnesswhen it is not.
The compiler needsto attend carefully to each of the over-
headsintro duced in Section 2 while designating CFG edges
as thread boundaries. Edge weights are related to thread
size and must change after eac partitioning step. In our
compiler implementation, thread boundaries are chosen af-
ter all other optimizations have been applied.

3.2.2 Min-CutDecomposition

We apply a sequenceof balanced min-cuts, where cut edges
represert thread boundaries, to split a sequertial program
into threads. We use the standard min-cut [5, 6] for cre-
ating a cut, and an edge's weight represerts the estimated
cycles lost to misspeculation (both data and control o w)
if the edgewere cut. Thus the cut-metric is misspeculation
penalties, and min-cut minimizes the penalties. By itself,
however, the minimum cut doesnot ensuregood parallelism;
certainly in the extreme case,not cutting anything has zero
penalty, but there would be no parallelism. To improve par-
allelism using balancing, we modify the algorithm originally
proposedin [35]. In [35], balanced min-cut was applied to
circuit placemert and routing. Each balanced min-cut works
by performing an initial min-cut and then reducing a second
metric, the balancing-metric, which in [35] is the di erence
of the sum of vertex sizesof the two partitions. The cost of
the cut will increaseor remain the samewhile the balancing-
metric is being reduced, becausethe initial min-cut is min-
imal. We make two important changesto this algorithm to
useit for thread decomposition:

1. Our balancing-metric has two components: The rst
is the estimated overall run time and cycleslost to load
imbalance assuming no misspeculation penalties. The
secondis the cut-metric that represerts misspeculation
penalties. The balancing-metric is the sum of the two
componernts. Thus, our balancing-metric represens
the overall run time spent by the threads for execution,
load imbalance and misspeculation (i.e. performance).

2. Becauseour balancing-metric includes the cut-metric,
our algorithm terminates when it reaches a minimal
overall run time. By contrast, the balancing-metric
does not include the cut-metric in [35]. That ap-
proach will continue considering more-balanced cuts
even when the misspeculation penalty has increased
to the point that it negatesthe performance gain from
parallelism.

By using overall run time asthe balancing-metric, our algo-
rithm givesequal consideration to all the overheadsat every
balanced min-cut step, allowing one overhead to be traded
o for another. By beginning with a sequerial program and
decomposing, our algorithm tends to selectthreads that are,
on average, larger than the threads selected by [31], which
builds threads bottom-up from basic blocks.

3.2.3 DifferencedromtheHeuristic Approadc

There are sewral di erences between our approach and
the approach in [31]. In [31], the overheadsof prediction and
data dependenceare considered separately; the prediction
heuristic overrides the dependence heuristic; and there is
no consideration of load imbalance. Figures 5 and 6 show
someproblems that arise when the overheadsare considered
separately and are not given equal importance.

3.3 The Algorithm

3.3.1 Input

Our algorithm's input is an annotated CFG, where each
vertex represerts a basic block of the program. The annota-
tions include static information about instructions per block.
They also include dynamic information about branch fre-
quencies,averagecycles per function call, and dependences.
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Figure 5: Some dier ences between [31] (left) and our al-
gorithm (right):  On the left, the dep endence heuristic
suggests grouping basic blocks D and E into the same
thread; however, the prediction heuristic overrides that
decision assuming loops are highly predictable.  Because
the loop iterates only twice, the cost of cutting the de-
pendence edge out weighs the gain from parallelizing the
loop. On the righ t, the loop and blo ck E are kept within
a single thread, avoiding inter-thread dep endence.

We do not claim that our proling methods, described in
Section 3.6, are perfect. We show that our algorithm im-
proves performance using reasonable pro ling information,
and would expect equivalent or better performance with
more accurate pro ling.

3.3.2 Ovenll Stheme

A high-level view of the algorithm is shown in Figure 7 and
psuedacode for the algorithm is shown in Figure 8. The fol-
lowing subsectionswill cover subroutines of the algorithm in
detail. We begin with the entire program as a single thread.
Each step seeksto decomposea procedure's CFG such that
performance will improve. Initially , eadh thread includes
(as in Section 3.1) its called subroutines. The initial part
of the algorithm prepares the graph and the main part it-
eratively (re)computes the weights represerting overheads
and applies balanced min-cuts. As mentioned above, the
rst min-cut step minimizes the dependenceand prediction
penalties, while the balancing extension to min-cut reduces
the overall run time. The M function rgpreserts the perfor-
mance metric, whereM (G) = R(G) + EbW(ei). R is the
estimated run time including load imbalance, but excluding
other penalties. W is the weight of an edgerepreserting de-
pendenceand prediction penalties, W(ei) = D(e) + P(e).

A number of balancing steps follow the initial cut. The
algorithm tries moving ead vertex bordering the cut to the
other side, one at a time, and keepsthe versionwith the best
performance metric. After ead vertex is moved, a new min-
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cut: cut
D] D]
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Figure 6: Some dier ences between [31] (left) and our
algorithm  (right):  On the left, the prediction heuristic

causes threads to begin at all loop boundaries, even when
there is coarser parallelism. These boundaries cause load
im balance, whic h will negate the speedup from paralleliz-

ing the inner loop unless the inner loop is large. On the
righ t, inner loop iterations become part of the outer-lo op
thread, avoiding load im balance.

cut is performed. This new min-cut is necessarybecausethe
vertex move may causethe cut to crossan expensive edge.
The authors of [35] show that these additional min-cuts do
not increase the asymptotic complexity of the algorithm,
provided that the number of vertex moves is bounded by
some constant. They also show how to prevent min-cut
from simply nding the same cut again and ignoring the
move: the vertices on one side of the cut are temporarily
collapsed into a supernode. Figure 9 shows the collapsing
idea from [35]. Our balancing steps repeat while perfor-
mance improves. Finally, our algorithm comparesthe best
version to the performance of not cutting at all. If there is
no improvemert, decomposition of this thread stops. Other-
wise, the best cut is applied and the newly-created threads
are considered for decomposition in the same manner.

A key feature of our algorithm is that it is able to handle
loops and straight-line code in the same way. Loops may
becomepart of a single thread, ead iteration may become
a thread, or an iteration may get split up. The algorithm
seeslarge weights across back edges of loops with cross-
iteration dependences,biasing min-cut toward more inde-
pendert loops with smaller weights. For nested loops that
haveidentical edgeweights, min-cut rst encourters the out-
ermost back edgeaspart of its normal operation. Therefore,
coarser parallelism is tried before ner parallelism. Making
both outer and inner loops into threads generally is avoided
for perfectly nested loops becausethat causesload imbal-
ance, which negatively impacts the performance metric. To-
gether, these properties causetrade-o s that are more ap-
propriate for handling loopsthan employed by [31], asshown
in Figure 6.



Becauseour approach is a heuristic for an NP-complete
problem, our algorithm may converge on a local optimum.
Although using simulated annealing or genetic algorithms
may overcome this limitation, such options would increase
compilation time substantially. Instead, we use a simple
perturbation in the nal step, edge perturbation, to help free
the algorithm from local optima.

We stipulate that every edgein the graph should be con-
sidered for cutting at least once. Each edge that was not
examined throughout the sequenceof balanced min-cuts is
now examined exactly once to determine if cutting it im-
proves performance. These edgesare examined in reverse
order, from the end of the procedure's CFG up to the entry
point, such that any unexamined back edgesof outer loops
are encourtered before inner loops. We chooseto cut an
edgeif run time decreases. We consider each edge in iso-
lation, sothis perturbation step is linear in edgesand does
not increaseour algorithmic complexity.

Prepare Graph G

[thread_set <-- { Tirst block of G )] Attempt to
_——"""| get a thread

No more threads

Got a thread from thread_spt

Dy
Can we improve

| on the best cut
found so far?

Is the best cut
| better than not
cutting at all?

4{App1y cut, add new threads to threadisetj

Edge Perturbation
¢

Figure 7: Our approach: The edge-w eight assignmen t
and the performance metric calculation mak e use of
prole information. A dieren t metric could be sub-
stituted to accommo date dieren t architectures or im-
pro ved mo dels.

3.3.3 PrepareGraph

Our algorithm relies on the standard max- o w/min-cut
algorithm [5, 6] to partition a set of vertices into subsets,
such that the sum of the weights of the edgesjoining the
subsetsis minimal. Min-cut is not appropriate for a CFG
containing loops however, becausewe often want to cut only
the back edge of a loop without cutting its body. Min-cut
is forced to cut at least two edgesto break the cycle [34].
Therefore we use a technique called vertex splitting, shown
in Figure 10, that replaces one vertex with two, and di-
vides the edgesof the original vertex between them. The
transformation converts the back edgeto a forward edge,
while preserving the number of edgesand all information
necessaryto usemin-cut for penalty minimization. Only for

8 procedure P 2 Program
G PrepareGraph( P)
thread set f GetEntryBlo ck(G) g

while (thread _set 6 ;)
/* Determine penalties for current threads in G */
ComputeW eights(G)

T GetFirstitem(thread _set)
Gr fVriEtg

/* Initial bipartition of V1 */
cut MinCut( Gt)

/* Seek impr ovement */
do
initial _cut cut

8u2 Vr st (u;v) 2 Et or (v;u) 2 E,
and u and v are in dieren t partitions
G$ temporarily collapse u with
all vertices in v's partition
temp_cut  MinCut( G2)
if M(G with temp_cut) < M(G with cut)
cut  temp_cut
while cut 6 initial _cut

/* Impr ovement? */
if M(G with cut) < M(G)
G G with cut

thread _set thread _set  new_threads
else
thread _set thread _set - T

Edge Perturbation: Check all unexamined edgesand
cut if M(G with edgecut) < M(G)

Figure 8: Thr ead decomposition algorithm: The goal is to
nd the set of boundary edge& Ep with the best perfor-
mance metric M (G) = R(G) + E, W(e).

purp osesof estimating execution time is it necessaryto re-
member that a loop was there, asillustrated by the dashed
edge.

3.3.4 ComputeWights

The dependenceand prediction penalties are basedon the
surrounding thread sizes,sothe edgeweights must be recom-
puted as decomposition progressesto re ect new knowledge
about the current set of threads. Each edgeis assigneda
weight that models the number of cyclesthat may be lost if
a new thread wereto begin at the sink of the edge. Weights
are basedon thread sizes,which change, and worst-casesce-
narios for wasted cycles. All edgeshave an initial weight to
which dependenceand prediction penalties are added. The
initial weight is v e cycles, a typical thread dispatch over-
head for speculative CMPs. The dependenceand prediction
penalties are described in Sections 3.3.7 and 3.3.8, respec-
tively. Thread sizesare computed as follows.

3.3.5 S: Thread Size

S(T) is the size of thread T in terms of number of cy-
cles. T may contain seeral possible control paths. Hence,
the dynamic size of the thread depends on the actual path
taken. Using pro ling information, we compute an expected
value for the dynamic sizeof T using equation (1). We rep-
resert the probability that path k is taken by px and the



Figure 9: Balanc ed Min-Cut from [35]: 1 Beginning with
graph a, a min-cut is computed, resulting in a 30 to 10
split. 2 The vertices that border the cut, of size 8 and
5, alternately are collapsed along with all vertices on the
other side of the cut, leading to graphs b and c, resp ec-
tiv ely. 3: Min-cuts are recomputed. At this point the
algorithm  would choose c over b because it is more bal-
anced, and then repeat Step 2. Applications of this
algorithm  use a balancing threshold and stop when the
cut is balanced sucien tly. Note that the cut cost will
remain the same or increase as balancing impro ves.

Figure 10: Vertex splitting: Vertex A is temp orarily split
into vertices A' and A" while preserving edges 1-6. The
dashed edge does not exist for penalt y minimization, but
is used for estimating execution time.

size of path k as sx. The probabilit y of a path is the prod-
uct of the branch frequencies along the path. The size of
the path is computed as the sum of static instructions for
basic blocks and dynamic cycles for function calls included
along the path, similar to estimating procedure execution
time in [24]. For loops, the total run time is the loop body
run time multiplied by the average number of iterations.
Thread size can be computed e cien tly by a depth- rst

traversal of the CFG, provided that loops are detected and
handled properly. The expected thread size is the size of
the initial block bly plus the size of its target paths. Equa-
tion (1) givesthe computation for any number of targets.
For ead recursive step, the target sizesare weighted by the
probabilit y of a particular branch being taken instead of the
product of all branch frequenciesalong the path. That prod-
uct will emergenaturally from the recursion. When a loop's
back edgeis encourtered, the size of the subpath that was
taken through the loop is multiplied by the averagenumber
of iterations minus one becausethe loop body has already
been seenonce (not shown in equation). Figure 11 shows
the size calculation for a simple thread.

pxhs tarxgets
pxsk = bhy +

k=1 m=1

S(T) = Pm S(M) 1)

Figure 11: Expected value of the size of a thread: There
are four paths through the thread with sizes of 22, 72,
102, and 152. Their probabilities, resp ectiv ely, are 0:45,
0:15, 0:30, and 0:10. The direct calculation gives 22 0:45+
72 0:15+ 102 0:30+ 152 0:10 = 66:5. The indirect, but more
ecien t, recursiv e metho d calculates the same result as
4+ 6+ 0:75t1 + 0:25(50+ t1), where t; = 6+ 0:6t2 + 0:4(80+ t3),
and t; = 4+ 2. The values t; and t, are computed once
and reused.

3.3.6 R andL: Run Time and Load Imbalance

The expected run time R(G) of a graph G represerts the
rst component of the balancing-metric, used in the min-
cut balancing step. R(G) and the load imbalance L(G)
are calculated by determining the run time and load im-
balance of eath possible sequenceof threads and performing
a weighted sum based on the probabilit y of each sequence,
asin (2), where px is the probabilit y of each sequencesy of
threads, r(sk) is the run time of eath sequence,and I(sk)
is the load imbalance of eadh sequence.Enumerating all se-
quenceswould require exponertial time. We approximate
by considering up to n most likely sequences,where n is
seweral hundred. The abstract execution algorithm in Fig-
ure 12 isusedto nd r(sx) and I(sx) under the assumption
that no rollbacks occur. Sincerun time factors in load im-
balance, L (G) is not explicitly addedto M (G), but we show
how it could be computed here. Potential rollbacks are not
considered becausethey are modeled by the edge weights.
A subsequenceof threads that constitute a path through a
loop has its expected run time multiplied by the average
number of loop iterations and divided equally across the
processors.This computation is more e cien t than execut-
ing all threads from all iterations, especially in the caseof
nestedloops, and producesnearly the samee ect. Replacing
the subsequencewith these num _procs threads allows outer
loops to be handled the same way. Time spent in an ex-
cluded function call (as per Section 3.1) is approximated by
the performance metric that was computed for that function
(computed on demand, thus enforcing a decomposition or-
der on procedures), or simply the pro led execution time for
recursive calls. The excluded call is expandedto num _procs
threads, each the size of its performance metric, to repre-



prev = 0; imbalance = 0;

for (i = 0; i < num_procs; ++i)
tli] = 0;
for (i = 0; i < num_threads; ++i)
if (loop detected)
replace loop subsequencewith num_procs threads
ead of size (subsequencesize *
average.iterations / num_procs) and modify
num _threads appropriately

if (excluded call detected)
replace call with num _procs threads
ead of size M (call) and modify
num_threads appropriately

p = i mod num_procs;
if (tp] < prev)
imbalance += prev - t[p];

t[p] = prev;
else

prev = t[p];
tlp] += S(Ti);

r(sk) = max(t[0], ..., fnum_procs-1));
I(sk) = imbalance;

Figure 12: Code for abstract execution of a thread se-
quence: The if-else statemen t enforces the dispatc h con-
dition.

sert processorsbeing occupied by threads within the call.
This approximation allows us to avoid executing the entire
program interpro cedurally.

pgths pths
pkr(sk); L(G) =
k=1 k=1

R(G) = Pl (sk) )

3.3.7 D: DependencePenalty

Di, the dependencepenalty due to cutting edgee, is es-
timated from dependencepro le information. If a thread
boundary must be placed acrossa dependence,the proba-
bilit y of it causing a rollback becomesgreater the nearer it
is placed to the sink.> Cutting just prior to the sink of a lex-
ically forward dependenceplacesthe sink early in a thread
and doesnot allow su cien t time for the sourceto execute.
Similarly, cutting just after the sink of a lexically backward
dependenceplacesthe sourcelate in a thread, which hasthe
samee ect. It is not sucien t to begin a thread at a block
that is not a sink, as suggestedby [1], becausethe following
block could be the sink of many dependenceswith sources
late in the previous thread. It is also possiblefor innocuous
interthread dependencesto exist if the source will always
execute before the sink. Therefore, our model for depen-
dence penalties considersinterthread dependencedistances
instead of simply the number of interthread dependences.

In our model, data-dependenceedgesdo not exist as sep-
arate edgesin the CFG. We assign the data-dependence
penalty to the edgesalong the appropriate paths of the CFG.
An edgealong a path from a source A to a sink B has its
weight increasedby the number of cyclesthat the sink would

YIn this section, sink refers to a dependencesink, and not
the sink of a ow graph.

needto be delayed in order to satisfy the dependenceif that
edgewere made a thread boundary, asin Figure 13. The de-
lay is due to the synchronization mechanism [19] mentioned
in Section 2, and is useful for modeling the \severity" of
the dependence.If the quantity X Y is negative, then no
penalty is applied. The penalty value is a worst-case esti-
mate, asthe actual delay dependson the thread start times,
which are not known.

Figure 13: Ee ct of cutting a dependence edge from A to
B: B needs delayed by X Y to satisfy the dep endence.
Lexical backw ard dep endences are handled similarly

3.3.8 P: Prediction Penalties

Pi, the thread prediction penalty due to cutting edgee;,
is estimated from branch frequenciesand thread sizes. The
hardware must predict the successorof ead thread. If the
prediction isincorrect, then the chosensuccessomill eventu-
ally berolled back and cycleswasted. When thread bound-
aries are placed in regions of unpredictable control- o0 w, it is
more di cult for the hardware to correctly predict the next
thread. We usethe simple approximation that a completely
biased branch (0% or 100% taken) is perfectly predictable,
while a completely unbiased branch (50% taken) is totally
unpredictable. In between, we assumethat predictabilit y is
linear. Equation (3) allows usto compute an expected value
for the number of cycles lost. This value is added to the
weight of eadh edgeof the branch. There are better ways of
modelling the hardware thread predictor; although we look
at ead branch in isolation, we could consider control- o w
dependenceinformation and use conditional path probabil-
ities. We leave such extensions as future work.

P = threadsize (1 2 j0:5 bfreq) ?3)
3.4 Algorithm Ef ciency

Balanced min-cut is bounded by the cost of a single
balancing step [35], which requires O(VE?) for the ow
computation, ( E(V + E)) to set prediction penalties,
( D(V + E)) to set dependence penalties where D is the
number of dependencesbetween basic blocks, and O(nT)
for abstract execution up to a xed number n of most likely
paths (several hundred). Repeating balanced min-cut until
there are T threads leadsto a O(VE2T + D(V + E)T+ nT?2)
upper bound for decomposing a procedure. Perturbation at
the end requires an additional O(nET). In practice, T V
and V u 0:75E, sothe algorithm hasa complexity of O(V %)
assumingD = O(V?2).

3.5 Compiler Implementation

Our compiler is based on the GNU C compiler and has
beenextended seeral times to add and improve support for



speculative CMPs. The f2c program allows the compiler to
handle Fortran 77. Compilation involvestwo passes. The
rst passperforms common optimizations and unrolls loops
with small bodies. The output of the rst passis a CFG for
ead source le. Our algorithm reads this graph, annotates
it with dynamic pro ling data, inserts thread boundaries as
described in Section 3.1, and outputs new CFGs that re ect
its decisions. GCC doesnot normally keepthe CFG of the
entire program in memory at once, but we save the CFG
for eacth source le sothat we have that information. The
second pass of the compiler reads the new CFGs and gen-
erates Multiscalar code. Threads are placed in the binary
according to the thread boundaries speci ed on the CFG.
The binary is executed on a simulator to determine per-
formance and generate the statistics discussedin Section 4.
The binary could be executed on a real CMP, but currently
there are no commercial speculative CMPs.

Two issues arise with interprocedural operations. One
caveat is that libc calls must be included asin Section 3.1,
becausethe library code does not contain thread headers.
However, these calls are short and should be included for
performance reasonsanyway ([31] has the samerestriction).
The other problem is that calls through pointers represert
an unknown, variable number of cyclesbecausea single call
site may invoke numerous di eren t functions with dierent
behaviors. The decision to include or exclude applies iden-
tically to all of these invocations. We force exclusion for
two reasons. (i) Excluding these calls generally gave bet-
ter performance than including them. (ii) We observed that
programs typically call their own functions through pointers,
instead of libc functions. While calls through pointers are
not found in Fortran 77 programs, they are presert in some
C bendchmarks (notably gap, mesa, and ammp) and would
be more commonin C++ programs. There is no ideal static
solution to handling these calls, and we do not assumethe
hardware supports conditional run-time inclusion. We note
that [31] is far more restrictiv e and excludesall non-library
calls.

3.6 Obtaining Pro le Information

We use pro le information for dependenciesand branch
probabilities. We developed a source-cale instrumentation
tool to facilitate the run-time detection of data dependences.
The tool usesa method similar to [22], which gathers de-
pendencesand dependence distances. The distances are
important for handling loops. For example, a dependence
crossing more iterations than there are processorsis im-
plicitly enforced by the execution model. Anti and out-
put dependencesare irrelevant, as explained in Section 2.
The instrumentation prevents register allocation so it sees
all dependences.Source code instrumentation also provides
branch frequencies, however the prole may not cover all
paths taken in the nal run. For branches lacking this in-
formation, we usean estimate that 60% of forward branches
are taken and 85% of backward branchesare taken [12]. As
is typical for pro le-guided optimizations, the input data for
the prole run diers from the input data usedto evaluate
our techniques [33]. For all prole runs, we use the train
data set, and for all nal runs we usedthe ref data set.

4. PERFORMANCE ON SPECCPU2000

We evaluated the performance of our algorithm using the
Multiscalar simulator, con gured accordingto Table 1. Cur-

rently there are no commercial speculative CMPs; however,

Multiscalar shares many properties with proposed imple-

mentations, and the memory system parameters we use are
similar to an IBM Power4 [13]. We executebeyond eac pro-

gram's startup code with a functional simulation, beforeper-
forming a detailed timing simulation for at least 500 million

instructions. Rather than using a xed number of instruc-

tions for detailed simulation, we usethe samestart and end
points in the sourcecode for all versionsof a program. This

methodology is imp ortant, becausethe instruction count of
the di eren t versionsmay vary due to the number and loca-
tion of thread boundaries. To verify eath benchmark passes
the validation test, we complete the runs using the func-

tional simulation. A typical simulation runs for oneto three

days.

SPEC CPU2000 contains 19 benchmarks written in C or
Fortran 77, of which we use 17. Table 2 shows our bend-
marks. We could not compile two C benchmarks, gcc and
crafty, becauseour compiler is based on an old version of
gcc. The rest are Fortran 90 codes that f2c cannot handle
or contain C++.

Table 1. Simulator Con guration

CPUs 4 dual-issue, out-of-order
L1 i-cache 64KB, 2-way, 2-cycle hit
L1 d-cache 64KB, 2-way, 3-cycle hit,

32-byte block, byte-level
disambiguation

Rollback Bu er 64 entries

Reorder Bu er 32 ertries

Load/Store Queue | 32 entries

Function Units 2 Int, 2 FP, 2 Mem
Branch Predictor path-based, 2 targets
Thread Predictor path-based, 4 targets
Descriptor Cache | 16KB, 2-way, 1-cycle hit
Shared L2 2MB, 8-way, 64-byte block,
12-cycle hit and transfer
Snoopy split-transaction bus,
128-bit wide

120 cycles

L1/L2 Connect

Memory Latency

4.1 Performanceand OverheadAnalysis

Table 2 shows the baseline instructions-p er-cycle (IPC)
of eadh benchmark run as a single-thread on one processor,
the speedup on four processorsover the baseline using the
techniques in [31], and our speedup over the baseline. Each
processoris dual-issue out-of-order. Single-thread IPC is
typically in the 0.50 to 1.50 range, though mcf is 0.23 and
ammp is 0.12due to poor cache behavior. In FP2000, applu,
mgrid, and swim achieve a speedup above 2.0 using [31],
while the rest of the bencdhmarks remain below a speedup of
1.40. Of particular interest are the INT2000 benchmarks, of
which most remain below a speedup of 1.30. Integer (i.e.,
non-numerical) programs are known to be more di cult for
compilers to parallelize than sciertic programs, due to the
lack of large, regular loops. Our results show similar trends,
but note that a speculative CMP is able to extract some
parallelism from these programs. The last two columns in
the table show that in general our approach creates longer
threads compared to [31], conrming that longer threads
achieve more parallelism and better performance.



Table 2: Baseline vs Impro ved Performance

SPEC Single [31]'s Our [31]'s Our
FP Thread | Speedup | Speedup | Insns/ Insns/
2000 IPC Thread | Thread
ammp 0.12 1.02 1.04 14.2 155
applu 1.00 2.14 2.20 36.7 46.2
art 0.48 1.93 2.14 15.7 19.3
equake 1.23 1.07 1.15 155 19.6
mesa 1.56 1.13 1.34 33.2 49.0
mgrid 111 2.13 2.15 113.9 1154
sixtrac k 117 1.15 1.23 44.3 52.9
swim 0.58 2.57 2.93 101.9 112.8
wupwise 1.22 1.36 2.49 26.6 | 1374.7
g. mean 1.52 1.74

SPEC Single [31]'s Our [31]'s Our
INT Thread | Speedup | Speedup | Insns/ Insns/
2000 IPC Thread | Thread
bzip2 1.37 1.08 1.12 12.7 16.6
gap 1.32 1.18 1.27 255 30.1
gzip 1.33 1.26 1.23 19.4 43.4
mcf 0.23 0.87 1.26 7.4 13.0
parser 1.14 0.98 1.02 10.3 11.3
twolf 1.05 1.09 1.12 12.4 15.2
vortex 1.46 1.33 1.45 15.7 24.9
vpr 1.30 1.36 1.47 26.0 32.2
g. mean 1.13 1.23

Figure 14 shows the improvemert gained by our decompo-
sition method over [31]. To isolate the e ect of the chang-
ing the edge weights as described in this paper, we show
our method using changing weights (black bars) and us-
ing xed weights (white bars). We rst discuss the black
bars. Mesa and wupwise have the best improvemert. The
INT2000 codes that show the most improvement are gap,
mcf, vortex, and vpr. The average gain over [31] is 14.3%
for oating-p oint programs and 9.0% for integer programs.
A more detailed analysis showed that most of the improve-
ment in FP2000 was from our algorithm using the depen-
dence prole to identify potentially parallel outer loops.
While our approach givesequal consideration to all the over-
heads,[31] givesprecedenceto the thread prediction heuris-
tic which createsthread boundaries at all loops even when
creating threads only from an outer loop would perform bet-
ter. For wupwise, a signi cant outer loop was parallel, which
lead to a large improvemert. It is far more dicult to de-
velop source-cale-level explanations for improvemert in the
INT2000 programs, due to more complex control- 0 w. Nev-
ertheless, we observe a trend that thread dispatch overhead
and load imbalance usually decrease,while dependenceand
prediction overhead usually remain about the same. We in-
fer there was potential for larger, more-balanced threads,
but that dependenceand prediction problems are still di -
cult to avoid at a coarser level. We veried our algorithm
performs as well as manual thread selection for some parts
of the smaller benchmarks.

Figure 14 alsoshows the e ects of xing weights at the be-
ginning, aswould be done by related scheduling algorithms.
This variant of the algorithm assumesan averagethread size

and doesnot update the weights as decomposition proceeds.

We note that the scheduling algorithms were not designed
for our problem and are shown here merely to isolate the
e ect of our strategy of changing the edge weights. Our
real point of comparison is [31] which directly targets our
problem. Although it might be possibleto nd useful xed
weights for some programs through much trial and error,
we believe these results show that recomputing weights is of

paramount imp ortance.

Figures 15 and 16 show the relativ e imp ortance of the dif-
ferent overheadsfor each benchmark, the left bar (labeled as
\a" below the X-axis) using [31] and the right bar (labeledas
\b" below the X-axis) using our algorithm. The 100% mark
represerts the total amount of overhead for [31] for eadc
benchmark. Comparing [31] to our approach, our overall
overhead decreaseseven though some individual overhead
increases. This behavior follows from the fact that by giv-
ing equal consideration to all the overheads, our algorithm
trades-o one overhead for another to reduce the overall
overhead. For instance, misprediction overhead for applu
and mesain Figure 15 and for bzip2 and gzip in Figure 16
increasesthough their overall overhead decreases.Similarly
load imbalance overheadfor swim in Figure 15 and for parser
and vortex in Figure 16 increases. We make a few other ob-
senations. The poor cache behavior of ammp shows up as
memory latency and dependenceoverhead. Load imbalance
decreasesn applu, equake, mesa,mgrid, and especially wup-
wise. Dependenceis the overhead that typically is reduced
for FP2000 benchmarks. Load imbalance and dispatch over-
head typically is reduced for INT2000 benchmarks.

Overheads not directly related to speculation include
memory latency and function-unit stalls. The overheadsap-
pear becauseboth approaches are designedto target spec-
ulation overheads, and leave these problems for other opti-
mizations, such as high-level source transformations or in-
struction scheduling within threads. Although memory la-
tency is not modeled in our algorithm, our decomposition
changes memory latency as a side e ect due to changesin
accesslocality. Two accessego the same addressseparated
into dierent threads, and hencedierent cacheswith [31],
may be combined into onelarger thread, and hencethe same
cache, with our algorithm. There is no support for forc-
ing particular threads onto certain processors. Our thread
sizes are generally larger, as can be seenin Table 2, and
larger threads combine more nearby basic blocks which ex-
hibit high data locality.
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Figure 14: SPEC CPU2000 Impro vement of our min-
cut approac h with changing weights over [31]. Assuming
xed weights, as in related scheduling algorithms, leads
to dismal performance.

4.2 Compilation Time

We record in Table 3 the time required to compile each
benchmark on a 450 MHz Sparc using min-cut decomposi-



Figure 15: SPEC FP2000 Relativ e imp ortance of re-
duced overheads compared to 100% of [31]'s overhead.

Figure 16: SPEC INT2000 Relativ e imp ortance of re-
duced overheads compared to 100% of [31]'s overhead.

tion (MC) versususing the heuristics in [31]. Eight of the
benchmarks nished in lessthan one minute, while 3-10 min-
utes was common for the rest. Sixtrack contains three ex-
tremely large procedures(daten, maincr, and umlau6) that
ead have over 2000 basic blocks and require a long time for
either method. Due to the nature of our algorithm, a large
program with typically small functions will decomposefaster
than a smaller program with seweral very large functions.

5. RELATED WORK

We have already discussedthe relation of our work to
scheduling. Our work di ers from another recert compiler
framework for speculative execution [1] in that we do not
handle loops separately, address all overheadsin an inte-
grated fashion, and evaluate larger applications using more
realistic hardware assumptions. Other compilers for CMPs
have focused exclusively on creating threads from loop it-
erations or function calls, while performing much of the
work manually [27]. Some compilers [29] are responsible
for adding extra code to support speculation and synchro-
nization, depending on the level of architectural support,
whereaswe are concernedonly with thread boundary place-
ment. Source-cale transformations designed speci cally to
improve speculation, such as those applied manually in [20,

23], can be applied before performing thread selection. We
assumethat all transformations have been applied prior to
decomposition, although we did not modify any of the source
code for this paper. If source code is unavailable, it is still
possible to make an existing binary run on a speculative
CMP by annotating the binary with thread boundaries[17].
The partitioning can be done ertirely in hardware, but suf-
fers from a lack of compile-time information and increased
run-time overhead [4]. Some compilers [15] consider both
implicit and explicit (i.e., with speculation disabled) paral-
lelism, if the target architecture supports both options [21].

Table 3: Mean and Maxim um Vertices and Edges
and Elapsed Time for Heuristics versus Min-Cut

FP2000 Tines Vav g Eavg | Vmax E max B1(s) MC(s)

ammp 13483 35 48 492 649 144 284.3
applu 4975 62 82 169 232 186 232.1
art 1270 32 44 137 200 10 9.3
equak e 1513 27 35 220 295 22 24.0
mesa 58724 23 33 786 1166 394 511.2
mgrid 1270 30 38 72 99 11 2.6
sixtrac  k 89918 112 146 2996 4018 3542 4983.1
swim 907 30 38 73 88 9 12
wup wise 3353 36 48 300 443 33 16.9
INT2000 Tines Vav g Eavg | Vmax E max B1(s) MC(s)

bzip2 4649 24 33 328 465 24 43.4
gap 71363 43 62 1015 1554 412 607.2
gzip 8616 28 38 181 254 40 456
mcf 2412 27 39 83 128 12 13.1
parser 11391 22 30 343 426 61 203.8
twolf 20459 61 87 451 710 283 377.6
v ortex 67213 25 35 614 916 307 491.5
vpr 17729 24 32 337 431 76 214.2

6. CONCLUSIONS

The issue of program decomposition for speculative exe-
cution arisesin all speculative CMPs. We have preserted an
algorithm for decomposing programs into threads to expose
parallelism to a speculative CMP, while considering multi-
ple performance overheadsrelated to data dependence,load
imbalance, and thread prediction. The key challenge is that
the overheadsdepend on the thread size, and change as de-
composition progresses. Our algorithm usesa sequenceof
balanced min-cuts, which gives equal consideration to all
the overheads,and adjusts the edgeweights after every cut.
We have compared our scheme with the previous heuristic
method developed for the Multiscalar architecture. While
the previous method uses each heuristic to target an in-
dividual overhead in isolation and gives precedenceto the
thread-prediction heuristic, our algorithm provides a more
integrated solution by simultaneously considering all the
overheads. Compared to other work, we have an e ectiv e,
automated decomposition method for programs instead of
only loops. Our results shov an average speedup of 48%
across SPEC CPU2000, whereas the multiple-heuristic ap-
proach yields an average of 32%.
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