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Abstract. Manual parallelization of programs is known to be difficult
and error-prone, and there are currently few ways to measure the amount
of potential parallelism in the original sequential code.
We present an extension of Embla, a Valgrind-based dependence profiler
that links dynamic dependences back to source code. This new tool esti-
mates potential task-level parallelism in a sequential program and helps
programmers exploit it at the source level. Using the popular fork-join
model, our tool provides a realistic estimate of potential speed-up for
parallelization with frameworks like Cilk, TBB or OpenMP 3.0. Esti-
mates can be given for several different parallelization models, varying
in programmer effort and capabilities required of the underlying imple-
mentation. Our tool also outputs source-level dependence information to
aid the parallelization of programs with lots of inherent parallelism, as
well as critical paths to suggest algorithmic rewrites of programs with
little of it.
We validate our claims by running our tool over serial elisions of sample
Cilk programs, finding additional inherent parallelism not exploited by
the Cilk code, as well as over serial C benchmarks where the profiling
results suggest parallelism-enhancing algorithmic rewrites.

1 Introduction

Parallel programming is no longer optional. In order to enjoy continued perfor-
mance gains with future generation multi-core processors, application developers
must parallelize all software, old and new. While automatic parallelization based
on static analysis is sometimes feasible, currently most software requires manual
parallelization. Since this is a difficult task, there is urgent need for efficient tool
support—in particular, tools that assist the programmer in understanding the
potential for parallelization in the code, parallelizing code with high potential,
and validating that the resulting parallel code is correct.

In this paper we address the first two issues, by presenting Embla 2, a tool
which, when given a sequential program and an input, can estimate the amount
of parallelism that would be available if the program were to be parallelized us-
ing language constructs such as those in OpenMP [4] or Cilk [3]. This parallelism



measurement tool has been built by extending Embla [5], a Valgrind-based [17]
profiler which captures dependence information, with functionality for simulat-
ing the effects of various parallel programming models based on independent
fork-join task parallelism, a framework used in many parallel programming en-
vironments [3, 12, 21, 13]. We validate our results against timing measurements
of explicitly parallel Cilk programs.

Unlike traditional studies of parallelism limits [25, 26] which focus on hard-
ware parameters, we focus on the parallelization of program source code, and so
use a different set of parameters to vary and different constraints for paralleliza-
tion. The aim is to address questions such as, “Will thread-level speculation or
parallel for-loops make much difference to the possible speed-up when paralleliz-
ing a program?” Section 2 discusses our parallelization models in depth.

We have used Embla 2 to investigate the potential for parallelization of three
collections of programs: the SPEC CPU 2000 programs [7], MiBench [6] and
the example programs in the Cilk 5.4.6 distribution. We contrast programs from
these different sources and show the behaviour of the different parallelization
models. Section 3 reports the results of these experiments.

The contributions can be summarized as follows:

– Dependences output by Embla 2 assist the programmer in parallelization by
identifying appropriate source-level synchronization points. We show how
synchronization points identified in serial elisions of example Cilk programs
match those in the original hand-parallelized programs (Section 3.1).

– By mapping dynamic dependences back to program source, Embla 2 gives a
realistic estimate of potential speed-up for parallelization using frameworks
such as Cilk and OpenMP. Previous studies that we know of [10, 26, 19] have
only considered speculative task-level parallelism—we give potential speed-
ups for programs both with and without the use of thread-level speculation.
Using Embla 2 we present estimates of inherent parallelism in various exam-
ple programs (Sections 3.2 and 3.4).

– Critical paths output by Embla 2 can be used to identify at source-level
bottlenecks that restrict the level of inherent parallelism. We illustrate this
using examples from the MiBench benchmark suite, and suggest refactorings
or algorithmic changes to increase potential parallelism (Section 3.5).

2 Task Models

Reflecting the task models of popular parallel programming environments such
as Cilk [3], Java [12], TBB [21] and TPL [13], we use function calls/returns
and (optionally) loop bodies to delineate tasks. The reasons for using func-
tion calls/returns are that functions represent a reasonable amount of usually
self-contained work (finer-grain parallelism is largely exploited by superscalar
processors), require minimal syntactic restructuring to exploit and have single
entry/single exit control flow. Loop bodies are also considered as tasks in one
of our variant models below. Naturally other legitimate coarse-grain parallelism
will be left out, the extent of which we estimate with another variant model.
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In all our models each function call is spawned as a task at its call site. The
calling thread can then continue to execute statements that follow the function
call without waiting for the call to return, until control reaches a statement that
has a dependence on the call. At this point the calling thread must synchronize

on the task, i.e. wait for the task to complete before going any further.
Our tool extends Embla [5], a Valgrind-based profiler that is based on these

models and outputs data dependences between source lines in the same function.
Embla works by observing instruction-level dependences that arise whenever two
instructions access the same memory location and at least one of them is a write
operation, The source and target instructions of each dependence are mapped
to source lines within their Nearest Common Ancestor function.

In Embla 2, we calculate inherent parallelism by constructing a dynamic

dependence graph for each function. This is a directed acyclic graph G = (V, E)
where each node v ∈ V corresponds to an instantiation, or execution, of a line3

of the function, and an edge (u, v) ∈ E means that u must be completed before
v can begin. Edges u → v are inserted for:

1. Data dependences between an instruction in the dynamic call tree of u to
one in that of v (as observed by the original Embla infrastructure described
above). Write-after-read and write-after-write dependences on the stack are
ignored (these tend to be on easily privatizable variables), as well as all
dependences between known commutative library functions, e.g. malloc.

2. Control dependences between u and v.
3. Dependences related to the parallelization model, that is, the restructuring

of the code that we allow. E.g. to enforce the requirement that only function
calls can be spawned as tasks, there is an incoming edge to each node from
the last executed node that does not contain a function call. This effectively
linearizes the graph except at function call spawns, the only points where
forks are allowed.

The cost of a node v, cost(v), is the minimum time required to execute the in-
stantiation. In our model this is essentially the number of instructions executed
on that line, with the additional requirement that if one of the instructions is a
function call, then the length of the critical path of that call is included in the cost

of the node. The critical path CP is the path in G with the largest total cost. The
amount of inherent parallelism for a function call is then the cost of serial execu-
tion divided by the length of the critical path, i.e.

∑
v∈V

cost(v)/
∑

v∈CP cost(v).
The inherent parallelism of a program is simply that of its main function. This
figure is the speed-up of the parallelized program given unlimited processors and
zero task creation overheads.

Potential optimizations are explored under variants of the baseline model:

Exact data dependences By default, data dependences are aggregated per source
line over a program’s execution and then applied to all instantiations of the line.

3 We would like to have a node corresponding to each execution of a statement, but
the gcc debug tables that Embla uses are per-line not per-statement.
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This models the parallelism that is possible by inserting synchronization points in
source code, necessitating the same synchronization point for all instantiations.
A variant is to use exact dependences by allowing each instantiation of the same
line to have its own set of dependences as observed during execution4, modelling
the effects of dynamic techniques such as thread-level speculation (e.g. [23]), in
the ideal case where the continuation of each task instance runs in parallel with
the task right up until the point where a conflict would have been detected.

Loop iterations as tasks As mentioned, there is an option to parallelize loops in
Embla 2, where an established algorithm [1] is used to identify natural loops,
iterations of which are spawned as tasks just like function calls. Updates to the
loop index, which are outside the task boundaries, are still serialized.

Reduction operations Reductions are accumulation operations on variables such
as acc += f(i);, where the order in which instances of the associative reduction
operation (+) are executed makes no difference to the final value of the accumu-
lator. Embla 2 includes a helper program that statically identifies and annotates
reduction operations in loops, dependences between which can be safely ignored
by Embla to enable greater parallelism.

Spawn hoisting Another way of enabling further parallelism is by spawning tasks
earlier (a form of code motion optimization). In this variant, function calls are
spawned as early as dependences allow, rather than only when control in the
calling thread reaches the call site. This is modelled by relaxing constraint 3
above so that the incoming edge is only inserted to each node that does not
contain a function call.

Line-level parallelism By only considering function calls and potentially loop
iterations as tasks, other forms of task-level parallelism are naturally excluded.
To see how much more parallelism there is, we introduce a variant model where
all lines can be spawned, regardless of whether they contain function calls. This
is modelled by not applying constraint 3 at all. Note however that while this
allows us to see more parallelism, some of the extra parallelism discovered will
be too fine-grain to be exploitable.

3 Evaluation and Test Suites

For models using aggregated data dependences, Embla 2 must be run twice—first
to collect all observed dependences, and then to calculate a parallelism figure
given those dependences. When run on an x86 desktop, the first run causes an
average of 1500x slowdown of the profiled program, while the second causes
around 700x. Valgrind itself, on which Embla 2 is based, causes an average
slowdown of 8x.

4 Cf. the difference between context-sensitive and context-insensitive static analysis
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384: spawn cilksort(A,tmpA,quarter);

385: spawn cilksort(B,tmpB,quarter);

386: spawn cilksort(C,tmpC,quarter);
387: spawn cilksort(D,tmpD,size-3*quarter);

388: sync;

389:
390: spawn cilkmerge(A,A+quarter-1,B,B+quarter-1,tmpA);

391: spawn cilkmerge(C,C+quarter-1,D,low+size-1,tmpC);

392: sync;

393:
394: spawn cilkmerge(tmpA,tmpC-1,tmpC,tmpA+size-1,A);

q

q

q

q

q

q

q

Fig. 1: An extract from cilksort and its corresponding relevant dependences

We demonstrate the usefulness of Embla 2 using example Cilk programs
packaged with the 5.4.6 release of Cilk5—programs known to have lots of task-
level parallelism. Furthermore, the nature of Cilk means that these programs
can be translated into semantically equivalent programs in ordinary C (known
as serial elisions) simply by stripping the Cilk keywords6. We thus have a set of
C programs and their manually-parallelized counterparts to compare with the
parallelism discovered by Embla 2.

3.1 Finding optimal task synchronization points

Programmers can use aggregated dependences discovered by Embla 2 to realize
the parallelism discovered using a language like Cilk, where function calls are
spawned as tasks and later joined (or synchronized), by synchronizing on previ-
ously spawned tasks just before the first line dependent on them. As an example,
Figure 1 shows an extract from the cilksort program, along with aggregated de-
pendences discovered by Embla 2 on the program’s serial elision. By spawning
function calls and synchronizing before the first line that depends on previously
spawned tasks, we arrive at the Cilk program with optimal parallelism, which in
this case is the same as the original program. However, the programmer should
be aware that as with all dynamic analyses, these dependences are based on
running the program on sample inputs only and so the parallelization may not
be safe for all possible inputs. Nevertheless, previous work [5] has shown a cor-
relation between dependence coverage and code coverage.

3.2 Amount of parallelism discovered

Figure 2(a) compares (on a logarithmic scale) the amount of parallelism found
by Cilk’s timing infrastructure (averaged over 60 runs) to that found by Em-

5 We have omitted programs that use the inlet, abort and SYNCHED keywords, as
their translation into ordinary C is not straightforward.

6 Namely, cilk, spawn and sync.
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Fig. 2: Parallelism of Cilk programs (note logarithmic scale)

bla 2 on their serial elisions. Our baseline model for this comparison uses aggre-
gated data dependences, and considers only function-call-level parallelism with-
out loop parallelization or spawn hoisting—the closest model we have to Cilk’s.
The graph shows that Embla 2 is able to find all of the task-level parallelism
in most of the original Cilk programs. One notable exception is magic, and this
is because the Cilk program uses an implicit inlet7 at the statement count +=

spawn execute(...);, which is not a feature of our model. Later we show how,
by extending our model, Embla 2 also discovers the parallelism here.

For a few examples Embla 2 can discover more parallelism than explicitly
specified in the original Cilk program. We found several functions called syn-
chronously that could have been spawned, as well as C library function calls
that can be spawned with the addition of simple wrappers.

3.3 Effects of optimizations

We now look more closely at the variant optimization models to see whether
they affect potential parallelism in these programs.

Exact data dependences In most programs in the Cilk test suite the difference
between this model and the baseline is negligible. This suggests that for such
programs most of the potential parallelism is statically achievable—runtime tech-
niques such as thread-level speculation (TLS) would give few performance bene-
fits. One exception is lu, which gives an almost-fourfold speed-up over the base-
line. This is because in one nested loop the dependence for a certain task on itself
exists only between iterations of the outer loop but not of the inner loop. With
aggregated dependences this results in all instances of the task being serialized,
while with exact dependences instances from the same iteration of the outer loop

7 In Cilk an inlet is a block of code that is executed atomically after a task completes.
The potential thread contention for such an atomic block might explain the large
variance in actual parallelism in the Cilk run.
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can still be parallelized. While TLS would address this issue, a cheaper method
is to parallelize the inner loop—part of the speed-up seen in the third columns
of Figure 2(b) can be attributed to this task.

Line-level parallelism The amount of line-level parallelism in these programs is
compared to the amount of function-call-level parallelism in Figure 2(b). We can
see that for most of these programs the amount of line-level parallelism is around
twice or more that of function-call-level parallelism. This is mostly due to simple
statements performing arithmetic operations inside a function call or loop that
can run in parallel. Each of these operations takes a small number of cycles,
which means that it is not viable for each of these to be spawned. As mentioned,
some of this fine-grain (mostly instruction-level) parallelism is realized already
in existing superscalar processors. Nevertheless, operations may be grouped and
extracted into tasks that are sufficiently large to see performance gains.

Loops Looking at the first and third columns of Figure 2(b), which compares
the potential parallelism of Cilk programs without and with spawning loop iter-
ations, we can see that the use of parallel for-loops benefits most of the programs
considered here, especially matmul. This confirms the view that the use of par-
allel for-loops is an excellent way to express task-level parallelism, in addition
to function calls. Furthermore, some parallel programming environments (e.g.
Cilk++ [14]) optimize parallel for-loops by deriving loop induction variables by
divide-and-conquer instead of linearly, meaning that actual parallelism may be
even higher than these figures. Embla 2 not only finds the amount of loop-level
parallelism in a program, but can be used to easily identify candidate loops for
parallelization. This can simply be done by searching through the dependences
output by Embla 2 for dependences between iterations of the loop concerned. If
there are no such dependences, then the loop can be parallelized.

Reduction operations When dependences between reduction operations are dis-
counted, the parallelism of magic vastly increases from under 2 to 376. This
means that a parallel reduction mechanism, such as Cilk’s implicit inlets, hy-

perobjects in Cilk++ and similar operations in OpenMP, is essential for the
program’s parallelism potential to be realized.

Spawn hoisting With these Cilk programs, we find that spawn hoisting has
a negligible effect on potential parallelism, as parallelism measurements with
spawn hoisting is almost the same as those for the baseline in Figure 2(a). This
suggests that, perhaps unsurprisingly, most function calls in these programs
are already spawned at the earliest possible point, and little further hoisting is
possible.

3.4 Parallelism in other benchmarks

We also ran the same analysis using Embla 2 on some of the benchmark programs
in the SPEC CPU 2000 [7] (with the MinneSPEC reduced data input set [9]) and
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Fig. 3: Parallelism of benchmark programs

MiBench [6] suites, the results of which are displayed in Figure 3. As before, the
baseline model uses aggregated data dependences, and considers only function-
call-level parallelism without loop parallelization or spawn hoisting. The second
model includes loop-level parallelism, while the third, Optimized model considers
line-level parallelism and exact data dependences, hoisting spawns and ignoring
control dependences. In general, we see that few benchmarks exhibit the level of
parallelism seen in the Cilk examples. In fact, none of these benchmarks exhibit
parallelism of over 3 under the baseline model, suggesting that spawning existing
function calls alone is insufficient to effectively parallelize them.

There are, however, some benchmarks with a significant amount of loop-level
parallelism. Some of them are the susan benchmarks from MiBench, which per-
form image smoothing, corner detection and edge detection on an image, and
are data-parallel—the same computation is performed on each pixel in the image
and the results for each pixel are independent of each other. This is reflected in
our results, which show that using the small inputs, both susan.corners and su-

san.edges have potential parallelism of over 12 when loop iterations are spawned.
This is not the case for susan.smoothing, however, as we will explain later. Note
that for some programs, e.g. 252.eon, spawning loop iterations actually results in
a lower level of parallelism than the baseline. This is because the baseline allows
for partial overlap between loop iterations (a.k.a. software pipelining) whereas
spawning loop iterations is an all or nothing proposition; the iterations are either
completely independent or completely serial.

3.5 Increasing inherent parallelism by critical path analysis

Even though Embla 2 finds lots of inherent task-level parallelism in example pro-
grams from the Cilk test suite, little is found in most general-purpose programs,
meaning they cannot be transformed into highly concurrent programs simply by
spawning existing function calls and loops. However, here Embla 2 can output
the critical path of each function call, allowing us to examine the bottlenecks
that prevent greater parallelism from being realized. This critical path can then
be collapsed into a graph with one node per line, as shown in Figure 4. We now
demonstrate this in some of the simpler examples and suggest refactorings or
algorithmic changes that would increase inherent parallelism.

susan.smoothing As mentioned, susan.smoothing is a data-parallel image smooth-
ing application. Unlike susan.corners and susan.edges, little inherent parallelism
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Fig. 4: Critical path of sha stream function in sha

is found here (1.19 under the Spawning loop iterations model). By examining the
critical path, we found the main bottleneck dependence to be between instanti-
ations of a certain loop within function susan smoothing. Further examination
of the loop reveals that the dependence is due to a variable that is incremented
exactly once per iteration, and is therefore an induction variable. However, as
the increment is in the loop body rather than the loop header, each execution
of the loop body is dependent on the last, and as a result iterations of the loops
are serialized. A simple solution is to move the increment operation to the loop
header (manual code motion), which causes inherent parallelism to be vastly
increased to around 1,090.

sha The Secure Hash Algorithm program computes a 160-bit hash value from the
contents of an input file. Under the Line-level parallelism variant model, Embla 2
reports a parallelism of 1.36. Most of the critical path can be attributed to
dependences between calls to sha update (line 198 in Figure 4). This function
takes the existing hash value (the digest) and derives a new hash value which
replaces it. Consequently, each call to this function must depend on the last as
it requires the digest computed by the last call. This suggests that in order to
increase the amount of inherent parallelism, the underlying algorithm must be
modified, e.g. by dividing the file into blocks and computing independent digests
for each block, which are then combined into one final digest.

Other examples Applying the same analysis to other examples, we find that
input/output forms a large part of several benchmarks. Calls to scanf/printf
take up a tenth of the sequential execution time of dijkstra and 80% of that
of FFT (MiBench). As input/output is unparallelizable without significant re-
implementation, Amdahl’s law means that the maximum speed-up, even if we
were able to parallelize the rest of the program perfectly, would still be low. This
suggests that a parallel implementation of input/output would be very useful.

4 Related work

Various languages and libraries have been created to allow easy expression of
task-level parallelism. Cilk(++)’s [3, 14] model of fork/join parallelism matches
our function-spawning model most closely, although a Cilk sync always joins
with all tasks spawned in the current procedure activation rather than being
able to pick a specific task to join. While OpenMP [4] originally focused almost
exclusively on loops, version 3.0 adds support for task parallelism. Other notable
examples offering similar functionality include Java’s concurrency library [12],
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Intel’s TBB [21] and Microsoft’s TPL [13]. SMPSs [20] uses a related model where
the programmer specifies dependences rather than synchronisation points.

Several studies have been done on limits of instruction-level parallelism (e.g.
[25]), but fewer have tried to separate out task-level parallelism from instruction-
level parallelism. Kreaseck et al. [10] explored limits of speculative task-level
parallelism by executing function calls early, similar to the way we hoist spawns.
They have however imposed the restriction that spawned function calls must
be joined at their original call sites, which is a restriction we have felt to be
unnecessary, and thus have not imposed in our analysis. In our model function
calls can be joined as late as dependences allow (but always before the parent call
returns). Other studies [26, 19] have shown that data-value prediction, especially
in regard to return values, is effective at increasing task-level parallelism. This
is something we wish to consider further in the future.

Embla’s source-level profiling algorithm [5] has been used elsewhere to dis-
cover dependences and assist programmers with parallelization. Most systems [27,
24, 11] are concerned with the parallelization of loops only. The Alchemist tool [28]
uses it to select good task candidates for thread-level speculation. Nguyen et
al. [18] use it to detect function-level parallelism, but uses a more restrictive
parallelization model that is based on Scheme. We believe our tool is the first
that can assist in parallelizing function calls as well as loops, while providing a
realistic estimate of potential speed-up.

There are parallels between Embla 2 and on-the-fly data race detection [16,
22]. Both use instrumentation to infer properties of the program through dy-
namic analysis. The main difference is that while race detection seeks to find
unsafe parallelism (i.e. bugs) in an explicitly multi-threaded program, Embla 2
seeks to find potential safe parallelism in a sequentially written program.

There has been much research into automatic parallelization [8, 2], most of
which use only static analysis. However, the lack of precision when statically an-
alyzing dependences remains a barrier, something which dynamic analysis tools
such as Embla 2 can address. The downside is that the resulting parallelization
may not be valid for runs not covered by the training set of input data. A hybrid
approach would therefore be best.

Some of the speculative task-level parallelism uncovered by Embla 2 can
be exploited with thread-level speculation (TLS) (e.g. [23]), although we have
observed this is not needed for the Cilk test suite programs. One important
factor affecting the performance of TLS is selecting good candidate threads for
speculation, as frequent rollbacks would offset any gains in parallelism [15]. We
believe that Embla 2 can be used to identify good candidates, as it allows us to
look at the frequencies at which potential dependences materialize.

5 Conclusions

We have presented Embla 2, a tool designed to aid manual parallelization by
estimating and locating inherent parallelism in programs as well as pinpointing
bottlenecks. It works by profiling dependences and mapping them back to pro-
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gram source. The underlying model of parallelism treats each function call as a
spawnable task, which is synchronized on as late as dependences allow. Variants
of this model allow us to estimate the potential benefits of parallel for-loops and
optimizations such as thread-level speculation.

Embla 2 can locate inherent parallelism in programs with lots of it, as shown
by its reconstruction of parallel tasks in the Cilk test suite. For those without
much readily available parallelism, such as many SPEC CPU 2000 and MiBench
benchmarks, Embla 2 outputs critical paths to assist the programmer in pin-
pointing bottlenecks and finding solutions. Some programmer effort is still re-
quired to realize task-level parallelism in this case, and we suggest two extensions
to provide further assistance: a source-to-source transformer that automatically
parallelizes programs given dependences found by Embla 2; and a compiler that
can perform code motion to move task-serializing operations, such as the in-
duction variable update in susan.smoothing, outside task boundaries, thereby
making the tasks independent and hence parallelizable. All in all, we believe
Embla 2 would be a useful aid for programmers parallelizing legacy sequential
applications using parallel programming frameworks such as Cilk.
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