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ABSTRACTWe have implemented parallelism primitives that permit anACL2 programmer to parallelize exe
ution of ACL2 fun
-tions. We (1) introdu
e logi
al de�nitions for these primi-tives, (2) explain the features of our extension, (3) give anevaluation strategy for our implementation, and (4) use theparallelism primitives in examples to show speedup.
Categories and Subject DescriptorsD.1 [Programming Te
hniques℄: Con
urrent Program-ming|parallel programming ; D.2.4 [Software Engineer-ing℄: Software/Program Veri�
ation|
orre
tness proofs,formal methods; D.3.2 [Programming Languages℄: Lan-guage Classi�
ations|appli
ative (fun
tional) languages
General Termsveri�
ation, performan
e
Keywordsparallel ACL2, fun
tional language, plet, p
all, pand, por,granularity
1. INTRODUCTIONOne of ACL2's strengths lies in its ability to eÆ
ientlyexe
ute industrial-sized models. As multi-
ore CPUs [1℄ be-
ome 
ommonpla
e, we want to take advantage of the avail-able hardware resour
es.We introdu
e four parallelism primitives: p
all, plet,pand, and por. P
all is logi
ally the identity ma
ro. Withp
all, the arguments of a fun
tion 
an be evaluated in par-allel. Plet allows parallel evaluation of variable bindings.Pand and por are similar to the ACL2 ma
ros and and orbut di�erent in the aspe
ts outlined in se
tions 2.3 and 2.4.We then dis
uss three features of our parallelism exten-sion. First, with re
ursive use of the parallelism primitives,our extension 
an adapt to the data so that a fun
tion's
omputation does not serialize when the data is asymmet-ri
. Se
ond, we provide a means to spe
ify a 
riterion fordetermining granularity. This helps the system determinewhen arguments to a fun
tion are 
omplex enough to war-rant parallel evaluation. Third, when issuing a pand or por,our system re
ognizes opportunities for early terminationand returns from evaluation.Next we explain our evaluation strategy. We �rst des
ribehow we determine when parallelism resour
es are available.

If resour
es are unavailable, the parallelism primitive ex-pands to its serial equivalent. We also explain our imple-mentation of work 
onsumers.At the end of the paper, performan
e results are illus-trated by using the parallelism primitives with a na��ve Fi-bona

i fun
tion, boolean if normalization, and mergesort.Mu
h related work has been done in the area of fun
tionallanguage parallelism. Some of this work in
ludes futures andprimitives like p
all [10, 3℄. Also Hunt and Moore providea partial implementation for an ACL2 parallelism extensionusing futures [private 
ommuni
ation℄ [4℄.
2. PARALLELISM PRIMITIVESWe 
onsider two goals in the use of our parallelism prim-itives. First, users need a way to eÆ
iently parallelize 
om-putation in fun
tions they exe
ute. Se
ond, the use of par-allelism primitives should be as logi
ally transparent as pos-sible. With these goals in mind, we present ea
h primitive'ssemanti
s and provide examples of usage.Any fun
tion that uses parallelism primitives must haveits guards de�ned and veri�ed before it 
an exe
ute withparallelism [8℄. To save spa
e, guards have been omittedfrom most examples in this paper, but the full de�nitions
an be found in the supporting s
ripts.
2.1 PcallThe �rst primitive, p
all, is logi
ally the identity ma
ro.P
all takes a fun
tion 
all whose arguments it may evaluatein parallel and then applies the fun
tion to the results of thatparallel evaluation. A simple example is as follows:(defun pfib (x)(
ond ((or (zp x) (<= x 0)) 0)((= x 1) 1)(t (p
all (binary-+ (pfib (- x 1))(pfib (- x 2)))))))In this example, (pfib (- x 1)) and (pfib (- x 2))
an be evaluated in parallel, and then binary-+ will be ap-plied to the list formed from their evaluation. If the pro-grammer uses p
all in a fun
tion whose argument evalua-tions always require a large amount of time, the user willexperien
e speedup. As explained in se
tion 3.2, a granular-ity form 
an be used to limit when parallelism is introdu
ed.Sin
e ma
ros 
an 
hange expressions in unexpe
ted ways,we disable the p
all'ing of ma
ros. While it may be pos-sible to reliably expand ma
ros using the LISP fun
tionma
roexpand, we have avoided it so far. If a user wishesto parallelize 
omputation of arguments to a ma
ro, we sug-gest they use plet instead.



2.2 PletThe se
ond primitive, plet, is logi
ally equivalent to thema
ro let. Under the hood, plet evaluates the binding
omputations in parallel and applies a 
losure 
reated fromthe body of the plet to the results of these binding evalua-tions. A simple example is as follows:(defun pfib (x)(
ond ((or (zp x) (<= x 0)) 0)((= x 1) 1)(t (plet ((fibx-1 (pfib (- x 1)))(fibx-2 (pfib (- x 2))))(+ fibx-1 fibx-2)))))As with p
all, the evaluations for bindings fibx-1 andfibx-2 o

ur in parallel, and then the 
losure 
ontaining +is applied. A feature of plet is that its body's top level 
all
an be a ma
ro. This is be
ause the 
losure will have all itsarguments evaluated before it is applied.
2.3 PandThe third primitive, pand, is fundamentally di�erent fromand. Pand evaluates its arbitrary number of arguments inparallel, evaluates their 
onjun
tion, and returns a booleanresult. From this de�nition, we note two di�eren
es. First,we return a boolean result. This makes it 
onsistent withpor, whi
h we des
ribe later. The se
ond di�eren
e is thatthe truth or falsity of the evaluation of the �rst argumentdoes not prevent the evaluation of the se
ond argument.Consider 
all: (pand (
onsp x) (equal (
ar x) 'foo)).With pand both (
onsp x) and (equal (
ar x) 'foo) 
anexe
ute in parallel. With and, the falsity of (
onsp x) pre-vents the evaluation of (
ar x). Our logi
al de�nition ofpand does not provide (
onsp x) as a guard to (
ar x).As an example, suppose we have a fun
tion valid-treewhi
h traverses a tree, testing ea
h atom to make sure it isa valid-tip. We 
an write a parallel version as follows:(defun valid-tree (x)(if (atom x) (valid-tip x)(pand (valid-tree (
ar x))(valid-tree (
dr x)))))On
e one of the arguments evaluates to nil, we 
an re-turn nil without waiting for the other arguments to �nishevaluation. This feature is 
alled early termination and isexplained in se
tion 3.3.
2.4 PorIn the same way as pand, the fourth primitive, por, is fun-damentally di�erent from or. Por evaluates its arguments inparallel, evaluates their disjun
tion, and returns a booleanresult. Sin
e the evaluation order of parallel 
omputation
an be nondeterministi
, it is safest to 
onsistently return aboolean value rather than risk providing di�erent results forpor 
alls with the same argument list. Similar to pand, porguards 
omputation in a di�erent way than or.Suppose we have the ma
ro 
all: (por (atom x) (equal(
ar x) 'foo)). We 
an see that with por both (atom x)and (equal (
ar x) 'foo) 
an exe
ute in parallel. Withor, the truth of (atom x) prevents the evaluation of (
arx). Our logi
al de�nition of por does not provide (not(atom x)) as a guard to (
ar x).
3. FEATURESA dis
ussion of some user-level features follows.

3.1 Data Dependent ParallelismWhen 
omputing results on symmetri
 data, it is ofteneasy to a

urately partition resour
es. For example, if wehave two CPU 
ores available for pro
essing, we split the
omputation at the top re
ursive level and 
reate two pie
esof parallel work. However, when the data is asymmetri
, theevaluation of one pie
e may terminate signi�
antly beforethe other pie
e, e�e
tively serializing 
omputation. To bemore 
on
rete, take the following fun
tion that 
ounts theleaves of a tree:(defun naive-p
ount (x)(if (atom x) 1(p
all (binary-+ (a
l2-
ount (
ar x))(a
l2-
ount (
dr x))))))If we give this fun
tion a tree shaped like a list, we realizequi
kly that splitting 
omputation only at the �rst re
ursivelevel and not parallelizing again after one of the re
ursionsterminates will result in an almost serial 
omputation.It turns out that the solution �ts quite naturally intoACL2. The user must simply de�ne fun
tions to re
ur intofun
tions that use the parallelism primitives. Whenever aprimitive is en
ountered and resour
es are available, the sys-tem will parallelize 
omputation. See se
tion 4.1 for an ex-planation of resour
e availability.
3.2 Granularity FormWhen 
omputing fun
tions like the na��ve Fibona

i, someinputs are large enough to warrant 
omputing the argumentsin parallel, while other inputs are too small to be worththe 
ost of parallelism overhead. For example, 
onsider thede�nition of Fibona

i found in se
tion 2.1. Experimentson our ma
hine indi
ate that whenever x is less than thirty,that we should 
all a serial version of the Fibona

i fun
tion.This 
ould require two de�nitions of the fun
tion, e.g.,(defun fib (x)(
ond ((or (zp x) (<= x 0)) 0)((= x 1) 1)(t (binary-+ (fib (- x 1))(fib (- x 2))))))(defun pfib (x)(
ond ((or (zp x) (<= x 0)) 0)((= x 1) 1)((< x 30) (binary-+ (fib (- x 1))(fib (- x 2))))(t (p
all (binary-+ (pfib (- x 1))(pfib (- x 2)))))))We realize qui
kly that writing both of these fun
tion def-initions is both 
umbersome and redundant. As su
h, theuser 
an provide a granularity form with ea
h parallelismprimitive. When using the granularity form, the systemwill only parallelize 
omputation if (1) resour
es are avail-able and (2) the dynami
 evaluation of the granularity formreturns non-nil. Below is a de�nition of the Fibona

i fun
-tion using a granularity form. To 
onform with LISP stan-dards, the syntax of the granularity-form is a type of perva-sive de
laration [7℄.(defun pfib (x)(
ond ((or (zp x) (<= x 0)) 0)((= x 1) 1)(t (p
all (de
lare (granularity-form (>= x 30)))(binary-+ (pfib (- x 1))(pfib (- x 2)))))))



We 
an also de
lare a granularity form with an extra ar-gument that des
ribes the 
all depth of the fun
tion the useris parallelizing. Take mergesort as an example. Mergesortsplits the data into symmetri
 
hunks for 
omputation, so wein
rement the depth argument during the re
ursive 
all onboth the 
ar and 
dr. A parallelized version of mergesortbased on Davis's Ordered Sets library [5℄ 
an be found inthe supportive s
ripts.A less intrusive method involves analyzing the data itselffor stru
tural properties. When we de�ne the fun
tion thatperforms boolean if normalization, we will de�ne nth
ar, afun
tion similar to nth
dr to examine the input if expressionand determine granularity.
3.3 Early TerminationWhen 
omputing an ACL2 and, due to lazy evaluation,some of the arguments to the and may never be evaluated.When we evaluate arguments to a pand in parallel, evenmore opportunity for skipping work is available. Considerthe following fun
tion that 
omputes whether a tree is valid:(defun pvalid-tree (x)(if (atom x) (valid-tip x)(pand (pvalid-tree (
ar x))(pvalid-tree (
dr x)))))We would like to stop exe
ution as soon as any tip is foundto be invalid. So, when 
omputing the 
onjun
tion of termsby using pand, on
e one of those terms evaluates to nil, allsibling 
omputations are aborted and the pand returns nil.The user 
an experien
e superlinear speedup when a nil isbeyond the �rst argument to the pand.The 
on
ept of early termination also applies to por, ex-
ept that the early termination 
ondition is when an argu-ment evaluates to non-nil.
4. EVALUATION STRATEGYBelow is an explanation of some implementation detailsthat make up our evaluation strategy. It is not meant tobe 
omplete, in the sense that it enables someone to dupli-
ate our work. It is intended to introdu
e the user to theunderlying system.
4.1 Estimating Resource AvailabilityThere are two resour
es to manage: CPU 
ores and work
onsumers (threads in our implementation). CPU 
ores 
anbe in one of two states: busy and idle. Work 
onsumers 
anbe in one of three states: stalled, a
tive, and pending. A work
onsumer is stalled whenever it is waiting either for a CPU
ore to be
ome available or for work to enter the parallelismsystem. A work 
onsumer 
an only be a
tive when it hasbeen allo
ated a CPU 
ore and is a
tively pro
essing a pie
eof work. If a work 
onsumer en
ounters a parallelism prim-itive and parallelizes its evaluation, it will enter the pendingstate until its 
hildren �nish, when it be
omes a
tive again.The goal is to keep CPU 
ores busy and avoid overwhelmingthe operating system (OS) with work 
onsumers.A 
on
eptual work queue 
ontains pie
es of work and isorganized into four se
tions: unassigned (U), started (S),waiting (W), and resumed (R). The �rst se
tion stores unas-signed work not yet a
quired by a work 
onsumer. Thestarted se
tion 
ontains the pie
es of work asso
iated withan a
tive thread that have not en
ountered an opportunityfor parallelism. If a pie
e of work en
ounters a parallelism

primitive and splits its work, the work will enter the waitingstage, as it waits for its 
hildren to �nish. After the work's
hildren �nish, it resumes 
omputation and return the re-sult. Figure 1 illustrates the relationships between pie
es ofwork, 
ores, and 
onsumers.Figure 1: Life Cy
le of a Pie
e of WorkWork State U S W* R*Allo
ated Core no yes no yesConsumer State n/a a
tive pending a
tive*the writing and resumed states are not always entered.
4.1.1 Limiting Active ConsumersWe limit the number of a
tive work 
onsumers to mat
hthe number of CPU 
ores. On
e a work 
onsumer �nishesa pie
e of work, if there is work in the unassigned se
tion,it will immediately a
quire another pie
e of work. Limitingthe number of a
tive work 
onsumers in this way minimizes
ontext swit
hing overhead [6℄.
4.1.2 Keeping CPU Cores BusyWhenever a work 
onsumer a
quires a CPU 
ore resour
e,the 
onsumer will immediately a
quire work from the unas-signed se
tion and begin pro
essing it. If there is no workin the unassigned se
tion, the work 
onsumer will stall untilwork is added. If parallelism opportunities had re
ently o
-
urred but had reverted to their serial equivalents be
auseall CPU 
ores were busy, this stalling would be wasted time.To avoid this, we treat the unassigned portion as a bu�erand aim to keep at least p pie
es of work in it at all times.We set p to the number of CPU 
ores, so that if all 
on-sumers �nish simultaneously, they 
an a
quire a new pie
eof work. Figure 2 shows the limits we impose for a systemwith p CPU 
ores.Figure 2: Lengths of Work Queue Se
tionsunassigned started + resumed waiting on 
hildren| { � p { | |{ = p |{ || |||||||||{ � 50 |||||||||| |
4.1.3 Limiting Total WorkloadSin
e the OS supports a limited number of work 
on-sumers, we must impose restri
tions to ensure appli
ationstability. To demonstrate how exe
ution 
ould surpass thelimit, suppose we have a fun
tion that 
ounts the leaves ofa tree, as below:(defun p
ount (x)(if (atom x) 1(p
all (binary-+ (p
ount (
ar x))(p
ount (
dr x))))))If we 
all this fun
tion on a heavily right-skewed tree, e.g.,a list of length 100,000, then due to the short time requiredto 
ount the 
ar's, the 
omputation may parallelize everyfew 
dr re
ursions. This 
reates a deeply nested 
all sta
kwith potentially thousands of p
all parents waiting on theirp
ount 
hildren.Sin
e (1) the sta
k of parents waiting on 
hildren 
an onlyunroll itself by the 
hildren �nishing evaluation and (2) any



pie
e of work allowed into the system must eventually beallo
ated to a work 
onsumer, unless we build in a limit toprevent additional work from being added when the maxi-mum number of work 
onsumers has been rea
hed, the sys-tem will be
ome unstable or deadlo
k. In OpenMCL, wehave found a reasonable limit to be around 50. As shown in�gure 2, we limit the total 
ount of work to 50.
4.2 Work Consumer ImplementationWe use threads to implement work 
onsumers for the fol-lowing reasons. First, threads share memory, whi
h is goodfor our target: the SMP desktop market. Se
ond, threadsare lighter-weight than pro
esses, lending themselves to �ner-granularity problems.Of the LISPs that support native threads and build ACL2,OpenMCL and SBCL provide threading primitives suÆ-
ient to implement our parallelism extension as des
ribedin this paper. Finally, to save time asso
iated with spawn-ing threads, we re
y
le them.
5. PERFORMANCE RESULTSWe evaluate our parallelism extension on a dual-CPUPower Ma
 G5, where ea
h CPU 
ontains two 2.5 GHz 
oreswith 1 MB of L2 
a
he ea
h. This Ma
 has six gigabytes ofDDR2 memory and runs OS X version 10.4.6. We 
ompileour extended ACL2 on a development 
opy of OpenMCL1.1. With this setup, \perfe
t parallelism" would 
omputeparallelized ACL2 fun
tions in one quarter of their serialtime. All times reported in this se
tion are an average ofthree 
onse
utive exe
utions.We present three tests. First, we de�ne a doubly re
ursiveversion of the Fibona

i fun
tion. We 
hoose the Fibona

i
omputation, be
ause it is well known and it demonstratesour ability to adapt to asymmetri
 parallel 
omputation.By this we mean that the 
omputation for the �rst re
ur-sive 
all takes more time than the se
ond re
ursive 
all.Our double re
ursive de�nition is ineÆ
ient, but it servesas a baseline for determining whether our system experi-en
es speedup that in
reases linearly with respe
t to thenumber of CPU 
ores. The Fibona

i fun
tion is 
ompu-tation heavy and does not 
reate mu
h garbage, allowingan a

urate measurement of parallelism overhead and thee�e
ts of granularity.Running three trials of (fib 47) on the ma
hine des
ribedabove requires an average of 323 se
onds, while (pfib 47)requires an average of 86 se
onds. The speedup fa
tor of3.78 implies that we gain 95% of our potential speedup.We also evaluate our parallelism extension using boolean ifnormalization. Unlike the Fibona

i fun
tion, the boolean ifnormalization algorithm is tied to useful fun
tions [2℄. Find-ing a good granularity form for boolean if normalization is adiÆ
ult 
hallenge. In our example, we examine the stru
tureof the if expression. Using this stru
ture-based granularityform, we obtain a non-GC speedup of 1.77 on a ten bit ripple
arry adder.Is it more meaningful to examine the total time or the timespent outside the garbage 
olle
tor? On one hand, only totalexe
ution time is relevant. On the other, sin
e OpenMCLdoes not have a parallelized garbage 
olle
tor [9℄, the bestwe 
an hope for is a speedup fa
tor of four for the non-GC'dportion. We therefore fo
us our e�orts on the non-GC time.These garbage 
olle
tion issues 
an lead to surprising re-sults. Even the highly parallelizable algorithm mergesort

may trigger the garbage 
olle
tor too often to experien
esigni�
ant overall speedup. Below is a table of results, in-
luding measurements for mergesort as de�ned in the sup-portive s
ripts.Table 1: Performan
e Test Results (se
onds)Case Total GC Non-GC Total Non-GCTime Time Time Speedup SpeedupFibSerial 325.88 0.00 325.88Parallel 86.11 0.07 86.05 3.78 3.79If NormSerial 71.28 9.68 61.60Parallel 65.84 30.97 34.87 1.08 1.77SortSerial 24.50 12.41 12.10Parallel 23.91 19.79 4.12 1.025 2.934
6. FUTURE WORKWe have ported the parallelism extension to SBCL, butit still fun
tions best in OpenMCL. In the future, we wantto make the SBCL implementation as eÆ
ient as the Open-MCL implementation. We also plan on integrating the ex-tension into the main ACL2 distribution.Future appli
ations in
lude integrating parallelism intothe theorem proving pro
ess, possibly via relieving hypothe-ses during ba
k
haining in parallel. Another option is toprove subgoals in parallel. ACL2's ability to save proof out-put for delayed printing is a step towards meeting this goal.
7. CONCLUSIONThe four parallelism primitives are: p
all, plet, pand,and por. These primitives allow linear speedup of exe-
ution for fun
tions that generate little garbage and havelarge granularity. Fun
tions whose granularity varies 
anuse a granularity form to ensure parallelism only o

urs withlarger 
omputations. Sin
e OpenMCL has a serial garbage
olle
tor, fun
tions whose exe
ution time is dominated bygarbage 
olle
tion will not experien
e as mu
h speedup.
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