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ABSTRA CT

The Saturation algorithm for symbolic state-spacegeneration, hasbeenarecen break-
through in the exhaustive veri cation of complex systems,in particular globally-asyn-
chronous/locally-synchronous systems. The algorithm usesa very compact Multiw ay
DecisionDiagram (MDD) encaling for statesand the fastestsymbolic exploration algo-
rithm to date. The distributed version of Saturation usesthe overall memory available
on a network of workstations (NOW) to e cien tly spread the memory load during
the highly irregular exploration. A crucial factor in limiting the memory consumption
during the symbolic state-spacegenerationis the ability to perform garbage collection
to free up the memory occupied by dead nodes. Howewver, garbage collection over a
NOW requiresa nontrivial communication overhead. In addition, operation cade poli-
ciesbecomecritical while analyzing large-scalesystemsusing the symbolic approad.
In this technical report, we dewelop a garbage collection scheme and several opera-
tion cade policiesto help on solving extremely complex systems. Experiments shov
that our schemesimprove the performanceof the original distributed implementation,
SWMTNW, in terms of time and memory e ciency .

1 INTR ODUCTION

Formal veri cation techniquessud as model cheking and theorem proving have become
widely usedin industry for quality assuranceasthey canbe usedto detecterrorsearly in the
designlifecycle. State-spacegeneration,also called reacability analysis,is an essetial but
very memory-irtensive step in model cheking. The increasingcomplexity of systemdesigns
stressesthe limits of most model chedkers. Even though symbolic state-spaceencalings
basedon binary decision diagrams (BDDs) [2] and multiway decision diagrams (MDDs) [20]
help cope with the inherert state-spaceexplosionof discrete-statesystems,the analysis of
someindustrial size models may still rely on the use of virtual memory Our discussion
regarding state-spacegenerationfocuseson symbolic state-spacegeneration.

A natural way to dealwith the excessie memory consumptionof readability analysisis
using parallel and distributed approates. Most of the researt in this areahasbeenfocused
on vertical slicing schemesto parallelizeBDD manipulations, by decommsingbooleanfunc-
tions lines and distributing the computation over a NOW [18, 21, 25]. This schemeallows
algorithms to overlap the image computation (the application of the next-state function to a
set of statesencaled by a decisiondiagram node), but the distributed state-spacegeneration
is still syndironous, consistingof interleaved rounds of computation and communication, in
which the fastestor the mostlightly loadedworkstation must wait for the heavily loadedones
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at the end of ead round. Thus, the global syndronization requiredat the end of ead round
is detrimental to this schemein terms of scalability. To overcomethis drawbad, Grumberg
et al [17] introducedan asyndironousversionof the vertical slicing approad which not only
performs image computation and messagepassingconcurrertly, but also incorporates an
adaptive meanismtaking into accourt the availability of free computational power to split
workload.

In [5], we instead use MDDs and partition them horizontally onto a NOW, sothat eath
workstation exclusiwely owns a cortiguous range of MDD levels. Therefore,the memory re-
quired for state-spaceencaling is mutually exclusiwely partitioned onto workstations. Since
the horizontally distributed state-spacegeneration does not create any redundart or du-
plicate work at all, syndironization is avoided. Furthermore, within the horizortal slicing
stheme,only peer-to-peercommnunication betweenneighboring workstations is used,soscal-
ability is not anissue. Howewer, this approad comeswith a seweretradeo . Giventhe highly
optimized nature of saturation, which wasdesignedasa sequetial algorithm, only onework-
station is active at anytime, hencethe distributed computation is virtually sequetialized.
This leavesonly limited opportunities for speedup. To tackle this drawbad, in [6, 7], we
introducedan ideato speedupdistributed state-spacegenerationby usingworkstations' idle
time to speculatively perform image computations.

Also, during distributed state-spacegeneration, performing garkage collection for dead
MDD nodesover a NOW requiresa nortrivial communication overhead. In addition, MDD
cade policiesbhecomerelatively critical in a large-scalesymbolic readability analysis. Thus,
in this paper, we deelop a garbagecollection schemeand se\eral operation cade policiesto
help on solving extremely complexsystems. The paper is organizedasfollows. Sect.2 gives
the necessarpadkground on state-spacegeneration,decisiondiagrams,Kronedker encaling,
and the ewlution of saturation algorithm. Sect. 3 details our new garbagecollection shheme
tailor-made for distributed state-spacegeneration. Sect.4 discussese\eral operation cace
policies which might help on solving complex systems. Sect. 5 shows experimertal results.
Sect. 6 draws conclusionsand discusseduture researt directions.

2 BA CKGROUND

A discrete-statemodel is a triple (8;s" ;N ), where $ is the set of potential states of the

model, s" 2 & is the initial state, andN : $'! 2% is the next-statefunction specifying the
states readhable from ead state in a single step. We assumethat the model is composed
of K submalels Thus, a (glotal) state i is a K -tuple (i ;:::;i1), whereiy is the local state
of submadel k, K k 1,and 8= S« S, is the cross-praluct of K local state
spaces This allowsusto usetechniquestargetedat exploiting systemstructure, in particular,
symbolic techniquesto store the state spacebasedon decisiondiagrams.

Since we target globally-asyndironous Iocally-syn@ronous systems, we decommse N
into a disjunction of next-state functions [4]: N (i) = g Ne(i), whereE is a nite set of
events and N is the next-state function ass@iated with evert e. We then seekto build
the (reachable)state sppee S 8, the smallestset cortaining s and closedwith respect
toN: S=fs"g[ N(S"™)J[ NN (s"*)N[ =N (s"), where\ " denotesre exive and
transitive closureand N (X) = “jox N (i).



2.1 Symbolic encoding of S

In the sequel, we assumethat ead Sy is known a priori. In practice, the local state
spacesSy can actually be generated\on-the-y" by interleaving symbolic global state-
spacegenerationwith explicit local state-spacegeneration[12]. We then usethe mappings

koS! fO;1; 0 ne 1g, with ng = jSyj, identify local state iy with its index iy = (ix),
thus S, with f0;1;::::nc 1g, and encaleany setX & in a (quasi-reduced ordered) MDD
over 8. Formally, an MDD is a directed acyclic edge-lateled multi-graph where:

Ead node p belongsto a level k 2 fK;:::;1; 0g, denotedp:lvl.
There is a singleroot node r at level K .
Level O can only cortain the two terminal nodesZero and One.

A node p at level k > 0 has ng outgoing edges,labeled from 0 to ny 1. The edge
labeled by iy points to a node g at level k 1; we write plix] = g.

Givennodesp and g at level k, if p[ix] = q[ix] for all iy 2 Sk, thenp= q, i.e., there are
no duplicates

The MDD encalesa set of statesB(r), de ned by the recursiwe formula:

8 s . . _
s fikg  B(plik])  if pivi=k>1

B(P) fi, :pli.] = Oneg if pivl =1
For example,box 10 at the bottom of Fig. 1 shovsa v e-nade MDD with K = 3 encaling
four global states: (0,0,2), (0,1,1), (0,2,0), and (1,0,0). In our MDDs, arcs point down and
their label is written in a box in the node from wherethe arc originates; the terminal nodes
Zero and One and nodesp sud that B(p) = ;, aswell asany arc pointing to them, are
omitted.

Comparedwith BDDs, MDDs have the disadvantage of resulting in larger and lessshare-
able nodeswhen the variable domains Sy are very large. On the other hand, MDDs have
seeral advantages. First, many real-world models (e.g., non-safePetri nets and software
protocols) have variable domainswith a priori unknown or very large upper bounds. These
bounds must then be discorered \on the y" during the symbolic iterations [12, 14], and
MDDs are preferableto BDDs when using this approad, due to the easewith which MDD
nodes and variable domains can be extended. A secondadvantage, related to the presen
paper, is that our chaining heuristicsapplied to the MDD state variablesmore closelyre ect
structural information of the model behavior, which is instead spreadon multiple levelsin a
BDD.

2.2 Symbolic encoding of N

For N, we adopt a Kronedker represetation inspired by work on Markov chains[3], possibleif
the model is Kronecker consistent[10, 11]. Each N is conjunctively decompsedinto K local

next-state functions Ny.e, for K k 1, satisfying, in any global state (ix::::;i1) 2 8,
Ne(ik;::i:;i1) = Ngeelik) Ni1e(ip). Using K jEj matrices Ny.e 2 f0;1g" "k,
with Nyeli;jk]l = 1, Jjk 2 Nge(ix), we encale N as a (boolean) Kronedker product:
j 2 Ne(i) , k k 1Nkelik;jk] = 1, wherea state i is interpreted as a mixed-tasal index
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Figure 1: Reachability graph, S; Sy; S,, and N, evolution of the MDD,

in § and N indicates the Kronedker product of matrices. The N .. matrices are extremely
sparse,for standard Petri nets, ead row cortains at most one nonzeroertry.

For example,the middle of Fig. 1 shavsthe Kronedker encaling of N accordingto everts
(a;b;c;d) and levels (x;y; z), listing only the nonzeroertries, e.g.,

2 3
1o 000

and Ny.[1;0] = 1 indicatesthat if the local state at level y is 1, evert b is locally enabled
and ring b, if globally possible,movesthe local state from 1 to 0.

2.3 Saturation-based iteration strategy

In addition to e cien tly represeting N, the Kronedker encaling allows usto recognizeevent
locality [10, 22 and employ saturation algorithm [11]. We sa that ewert e is independent
of level k if Ny, = I, the identity matrix. Let Top(e) and Bot(e) denote the highest and
lowest levels for which Ny.. 6 I. An MDD node p at level k is said to be saturated if it is
a xed point with respectto all Ne suth tlgat Top(e) Kk, i.e., Sk Sk+1 B(p)

N «(Sk Sk+1 B(p)), whereN « = crope) k Ne. TO saturate MDD node p onceall
its descendats have beensaturated, we update it in place sothat it encalesalsoany state
in N.e N1.(B(p)), for any evert e such that Top(e) = k. This can createnew MDD
nodesat levelsbelow k, which are saturated immediately, prior to completingthe saturation
of p.



If we start with the MDD encaling the initial state s™ and saturate its nodesbottom
up, the root r will encaleS = N (s"') at the end, because:(1) N (s"') B(r) fs"tg,
sincewe only add states,and only through legalevent rings, and (2) B(r) N k (B(r)) =
N (B(r)), sincer is saturated.

The readability graph of a three-placePetri net is shavn at the top of Fig. 1. A global
state is described by the local state of placex, y, and z, in that order, and we index local
states by the number of tokensin the correspnding place. Three global states, (0,1,1),
(0,0,2), and (0,2,0), are reacdhable from the initial state (1,0,0). The three local state spaces
and the Kronedker description of N are shaovn in the middle of Fig. 1. The list of nonzero
entries for matrix Ny, for example,indicates that ring ewert b decreaseshe number of
tokensin placey, either from 2to 1 or from 1 to O; it alsoindicatesthat b is disabledwhen
placey contains 0 tokens,as no transition is listed from local state 0. The saturation-based
state-spacegeneration of this model is shovn at the bottom of Fig. 1, where solid MDD
nodesare saturated and dashedMDD nodesare not.

1 Initial conguration : Setup the MDD encaling the initial global state (1,0,0).

2 Saturate node [0] at level z : No action is required, since there is no ewvert with
Top(event) = z. The node is saturated by de nition.

3 Saturate node @ at level y : Top(b) = Top(c) = vy, but neither b nor c are enabled
at both levelsy and z, Thus, no ring is possible,and the node is saturated.

4 Saturate node at level x : Top(a) = x and a is enabledfor all levels, thus evert
a must be red onthe node. Since,by ring ewvent a, local state 1 is reacdable from O
for both levelsy and z, node at levely and node at level z, are created(not yet
saturated), This alsoimplies that a new global state, (0,1,1), is discovered.

5 Saturate node at level z : Again, no action is required asthe node is saturated
by de nition.

6 Saturate node at level y : Top(b) = y and bis enabledfor all levels, thus evert
b must be red on the node. Since,by ring ewvent b, local state O is readed from 1
at level y and local state 2 is readhed from 1 at level z, node at level y is extended

to and node at level z is created. This alsoimplies that a new global state,
(0,0,2), is discovered.

7 Saturate node at level z : Again, no action is required, asthe node is saturated
by de nition.

8 Saturate node at level y : Top(c) = y and cis enabledfor all levels,thus event
c must be red onthe node. Since,by ring ewert c, local state 2 is reacdhablefrom 1 at
level y and local state 0 is reachable from 1 at level z, node at level y is extended

to [012] and node @ at level z, which has beencreated and saturated previously, is
referenced.This alsoimplies that a new global state, (0,2,0), is discovered.

9 Saturate node |012] at level y : After exploring all possible rings, the node is
saturated.

10 Saturate node at level x : Sinceno ring can nd new global states, the root
is saturated.



Saturation consistsof many \ligh tweight" nested\lo cal” xed-p oint imagecomputations
and is completelydi erent from the traditional breadth- rst approad that employs a single
\heavyweigh" global xed-p oint image computation. No matter whether the chaining idea
is applied or not, results in [11, 12, 13, 14, 8] consistenly show that the saturation ap-
proad outperformsthe breadth- rst approad of symbolic state-spacegenerationby se\eral
ordersof magnitude in both memory and time, making it arguably the most e cien t state-
spacegenerationalgorithm for globally-asyntironouslocally-syndironousdiscreteevert sys-
tems. Thus, it makessensdo attempt its parallelization, while parallelizing the lesse cien t
breadth- rst approad would not o set the enormousspeedupsand memory reductions of
saturation approad.

2.4 Saturation NOW

[5] described a message-passingigorithm, Saturation NOW, that distributes the MDD nodes
encaling statesover a NOW, to study large models where a single workstation would have
to rely on virtual memoryto explorethe state space.On a NOW with W K workstations
numbered from W down to 1, ead workstation w hastwo neighlors: one\b elov”, w 1
(unlessw = 1), and one \above", w + 1 (unlessw = W). Initially, we ewenly allocate
the K MDD levelsto the W workstations accordingly by assigningthe ownership of levels
bw K=Wcthrough b(w 1) K=Wc+ 1to workstation w. Local variablesmytop,, and mylot,,
indicate the highest- and lowest-rumbered levels owned by workstation w, respectively.

For distributed state-spacegeneration,ead workstation w rst generateshe Kroneder
matricesN .. for thoseewerts and levelswhereN .. 6 | and mytop,, k mylot,,, without
any syndironization. Then, the sequetial saturation algorithm begins, exceptthat, when
workstation w > 1 would normally issuea recursiwe call to level mylot,, 1, it must instead
senda requestto perform this operation in workstation w 1 and wait for a reply. A linear
organization of the workstations su ces, sinceead workstation only needsto comnunicate
with its neighbors.

3 DISTRIBUTED GARBA GE COLLECTION

The implemertation of garbagecollection in STA'T follows the clearup procedure based
on referencecourts where ea decisiondiagram node has a courter to record the number
of references:the number of the incoming arcsto the node. A node's referencecourter
decreasedy one wheneer one of its parerts node dereferencest. Wheneer the reference
counter of a node is becomeszero, any following clearup invocation will deletethe node and
remove it from the correspnding unique table. Then, a garbagecollection call will recycle
the free spaceusing level-basedrecycling pools. If the strict policy of garbagecollection
is usedin STA'T, any dereferencemay proceedrecursiwely down to the bottom level of
decisiondiagrams. Although a deeper recursive dereferencecan cortribute to freeing up
more memory, it can be much costly in terms of runtime aswell. So, to relax this policy,
ST allows usersto forbid the garbagecollectionto be triggered until the number of dead
nodesreathessomegiven threshold.

Howewer, updating the referencecourters within the decisiondiagram during distributed
state-spacegenerationover a NOW requiresa non-trivial amourt of messagepassingamong
workstations. We therefore prefer to skip the costly bookkeepinge ort on maintaining up-
to-date referencecourters, in order to avoid the commnunication overhead. Yet, when the



w=3
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Figure 2: Garbage collection example

overall memory consumptionreadessomegiven threshold, we perform distributed clearup
by freezingstate-spaceexploration temporarily to deal with the disconnectednodesat run-
time. Without the up-to-date referencecounters, the distributed clearup issuedat the kth
level needsto perform a scanat the previouslevel, readingthrough all k+ 1th nodes'outgoing
arcs, to determinethe referencinginformation of the kth nodes. To overlap the distributed
clearup and referencinginformation retrieval, it makessenseo cleanup se\eral consecutie
levels at a time in a top-down fashion. Thus, our distributed garbagecollection triggers a
seriesof distributed clearups starting at the kth level to recycledisconnectednodesat any
level equalto or lower than the k™. In general,the higher level the distributed clearup is
invoked at, the more commnunication overheadmay be introduced.

The left of Fig. 2 shaws a runtime snapshotof a six-level decisiondiagram distributed
over three workstations whereead workstation managegwo levelsof the MDD. The dashed
boxes and lines indicate the disconnectednodes. The middle of Fig. 2 shavs the decision
diagram resulting when the two bottom workstations (w = 2 and 1) perform distributed
clearup on the decisiondiagram shown in the left of Fig. 2 starting at level 2. In this case,
onenode at level 2 and onenode at level 1 have beencleanedout. The right of Fig. 2 shows
the decisiondiagramsresulting when three workstations perform distributed clearup on the
samedecisiondiagram but starting at level 4 instead. In this case,four nodes have been
removed.

4 OPERA TION CACHE POLICIES

The main reasonwhy symbolic model chedking can outperform the explicit approad is that
the implicit state-spaceconstruction allows nodesto sharenot only their children roots of
isomorphicdecisiondiagrams(memory e cien t) but alsothe computation correspnding to
ead of those children (time e cient). To e cien tly sharethe computation during symbolic
state-spacegeneration, hashingis consideredto be one of the most e ective way to cade
computed data dynamically. Howewer, a good hashingcan still createidentical hashvalues
for distinct ertries. To copewith this so-calledhash-ollision issue,we usecollision-tolerating
hashtables: multiple ertries having identical hash value are stored together using a linked
list.

In detail, in ead collision-tolerating hashtable, we usea singly linked list to store eath
set of entries having idertical hashvalue. For ead level of decisiondiagrams, we use suc
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Figure 3: Union caches

a collision-tolerating hash table for eat kind of operation (union, re) and rehashead of
the tables wheneer the projected number of collisions becomestoo large. Fig. 3 shows
the data structure that we useto cade the results of union operation during distributed
state-spacegeneration. The fourth column of Fig. 3 shavs an examplethat cading a newly
computedresult, the union of hk; 2ihk; 7i | hk;9i, having samehashvalue asthe the union
of hk; 2ihk; 4i and the union of Kk; 3ihk; 5i. In this case,three erries are storedin the same
linked list.

Yet, during symbolic state-spacegeneration,the collision toleration descriked previously
may hold up any cade-related operation and slovdown the overall computation, because
any hashtable lookup might endup searding in alinkedlist. An alternative way to easethe
hash-collisionissueis to perform rehashing: enlargingead hashtable asneededto decrease
the chance of hash collision. Yet, excessie rehashingcan be very memory consumingas
well. Thus, we tend to usea hybrid solution in our application.

4.1 Bounded-rehashing and bounded-collision caches

We dewelop a boundal-rehashingand bounded-ollision cade policy to facilitate all cathe-
related operations.

In detail, for ead collision-tolerating hash table, we keep track of MaxCollision, the
maximal sizeof linked lists usedin the table, indicating that the time to retrieve any enry
(might end up searding in a linked list) is O(MaxCollision). Whenewer somehashtable's
MaxCollision exceedthe given threshold, MaxAllowealCollision, we rehashthe table by dou-
bling the size of the table. To prevernt overusing memory for cading computed results,
we prohibit rehashinga table if the size of the table has exceededanother given threshold,
RehashTheshold To presene that the data retrieval time of the cadesis asymptotically
bounded, we restrict MaxCollision ~ MaxAlloweadCollision: the size of linked lists usedin
any hashtable is limited to MaxAllowelCollision. In other words, the maximal number of
ertries having identical hashvalueis always MaxAllowelCollision no matter whetherthe size
of the hashtable has exceededRehashThesholdor not. So, the time to retrieve a caded
enry is also O(MaxAllowedCollision).

After all, to bound the sizeof the linked lists oncethey are full, we always update linked
lists by inserting the new elemen at the front and removing the last one. Also, the maximal
values of MaxAlloweaCollision and RehashThesholdallowed in a distributed program can
be much larger than thoseusedin a sequetial program.



4.2 Policies of single-lev el caches

Sincethe number of elemerts allowed to be stored in ead linked list is limited, deciding
how to sift out the lessusefulelemen is an issue. An ertry is saidto be a cache-hit if it is
retrieved by somehashtable lookup. To take the usefulnesf ertries into accour, we need
somecadie policy to presene thosefrequertly cade-hit entry which meansto keepthem in
the rst MaxAllowealCollision elemens of the correspnding linked list.

LRU, a frequently used policy, treats any newly cade-hit ertry the sameas a newly
cated one: moving ewvery newly retrieved elemen to the front of the correspnding linked
list. Yet, this policy treats every cade-hit ertry equally no matter how often eat of them
hasbeenretrieved. So, anotherideais to switch the newly cace-hit ertry with its previous
one. The last two columns of Fig. 3 shov how a linked list will be updated following
this two policies after the result of the union of hk;3ihk;51 ! HK;7i is cade-hit. After
all, while using either of thesetwo policies, the time to retrieve ead caded enry is still
O(MaxAllowalCollision).

5 RESULTS
5.1 Experiments of bounded rehashing scheme

We evaluated the rehashingheuristic by usingthe saturation algorithm to generatethe state
spaceof the following parameterizedmodels.

Round robin mutex protocol (Robin ) [16 modelsthe round robin solution of a mutual
exclusionproblem whereN is the number of processesnvolved.

Flexible manufacturing system(FMS ) [22] modelsa manufacturing systemwith three
madinesto processthree di erent typesof parts whereN is the number of eat type
of parts.

Slotted ring network protocol (Slot) [23] models a local area network protocol where
N is the number of nodesin the network.

Leader election protocol (Leader) [19 models a protocol for designating a unique
processorasthe leaderby sendingmessagealonga unidirectional ring of N processors.

Aloha network protocol (Aloha ) [9] models a local area network protocol whereN is
the number of nodesin the network.

Kanban manufacturing system(Kan ban) [26] models a manufacturing systemautho-
rizing production basedon the consumption at the downstream stations where N is
the admissionthreshold to eatc madine.

Boundel open queuingnetwork (BQ ) [15 modelsan open queuingnetwork wherethe
capacity of the queueis boundedby N.

Knights problem(Knigh t) modelsthe problemof determininghow many non-attacking
knights can be placedonan N N chessloard.



Model N Cache Time (sec) Memory (mgb) Rehash
init | max | Hashl | HashM [ DHash || Hashl [HashM | DHash || (times)

Robin 600| 100| 50K 41 34 37 326 555 349| 2677

FMS 250| 100|100K 174 55 56 103 240 108 62
Slot 150|| 100|100K 122 97 104 210 324 233 1302
Leader 7| 100| 100K 123 12 15 147 205 172 684

Aloha 70| 100|500K 85 12 16 227 502 255 699
Kan ban 60| 100, 1M 124 16 16 60 175 69 143

BQ 40| 100| 1M 102 58 60 97 120 106 43
Knigh t 6| 100 1M 160 9 12 69 336 123 370
Queen 12|/1000| 1M 22 10 11 65 149 72 35

RIPS |14444)1000f 10M 567 113 127 168 854 516 124

Table 1: Experimental resultsof rehashing.

Quesnspuzzle(Queen) modelsthe gameof placing 8 queensonan N N chesslward
sothat noneof them can hit any other in one move.

Runway safety monitor (RIPS ) [24] models an avionics systemmonitoring T targets
with S speedson a grid represeted asa X Y Z grid.

Table 1 shows the experimertal study performedon a Pertium IV 3GHz workstations
with 1GB of RAM. The rst two columns shov the model namesand the correspnding
parametersusedfor this evaluation. The third and fourth columnsindicate the initial size
(init ) of hashtablesand the maximal size(max) allowed for rehashing. The next six columns
presen the time and memory consumptionof three di erent approades: xed-size hashing
using init , xed-size hashingusing max, dynamic hashingusing init and then allowing to
rehashuntil max is researbied, denotedas Hashl, HashM, and DHash respectively. The last
column shows the number of rehashinghas beenperformedwhile experimerting DHash

In Table 1, we can seethat Hashl is always the most memory e cient approad and
HashM is always the most time e cient one. Howewer, in all casesthe memory consump-
tion of DHash can be as low as Hashl's, while the runtime of DHash being very closeto
HashM's Note that, the tradeo in performing dynamical rehashing(shown in the last col-
umn of Table 1) is the runtime di erence betweenHashM and DHash which is insigni cant.
Additionally, the high memory consumptionof DHash implies that excessie unboundedre-
hashingcanbe expensive and unrealistic. In conclusion,the experiment shovsthat rehashing
works well in many casesmaking the boundedrehashingidea more practical.

5.2 Experiments for the message-passing implemen tation

This experimertal study of STA'T and SYTA' T\WW on Robin and Slot was performedon Sci-
clone[1] cluster at the Collegeof William and Mary consistingmany di erent heterogeneous
subclusters. We usedthe Whirlwind (homogeneous)kubcluster which consistsof 64 single-
cpu Sun Fire V120 nodes(UltraSPARC Ili+ 650MHz, 1 GB RAM) connectingby Myrinet
and running Solaris9 with LAM/MPI on TCP/IP . Three parametersselectedfor both mod-
elsrepresems the small, medium, and large casesof symbolic state-spacegeneration,where
the sequetial programrequires 100MB, 500MBand 900MB to accomplishthe tasks.
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Figure 4: Experiments on Robin

For ead test case,we run SN TNW on 1, 2, 4, 8, 16, 32, and 64 workstation(s) and record
the runtime (the pointed lines correspndingto the left axes)in secondsand the usedand the
total NOW memory (lled and dashedboxescorresmpnding to the right axes)in megalytes
. To seethe actual overheadof the distributed approad, we usethe memory information
reported by the operating system(information retrieved from /pro c). Also, we use xed-size
hashing to test all cases,even though, in comparisonto STA'T, running SIA'T\¢W on a
NOW will have more memory for rehashingto acceleratethe computation

Fig. 4 and 5 show that, when the RAM of a single workstation is su cient to run the
test case,the runtime of YT is better than that of STA'T\¢W on multiple workstations.
The message-passingverhead,while not huge, is not trivial either. In the small test cases,
the runtime of STAFTNYW is few times larger than that of STAFT. However, the di erence
diminishes as the model size grows, even way before memory swapping becomesan issue.
Indeed, such hugedi erencesariseeven whencomparing STAr TiWW with itself usingdi erent
values of W. Consideringthe caseof ROBIN N = 1000, the optimal number W of
workstations to useis 4. In the right of Fig. 4, the runtime di erence was indicated by red
solid-arrows and the memory consumptiondi erence was indicated by pink dashed-arrevs.
In detail, STA'T rarely triggers memory swapping where 862MB of memory was usedin a
single machine and STA'T\W does not usevirtual memory at all where 1026MB of NOW
memory was usedover four network-connectedmadines.

In addition, while sudr W,,: cannotbe known a priori, the resultsclearly show that using
too many workstations a ects the runtime only by a small factor, while usingtoo few, or just
one,resultsin very large penalties, if the algorithm completesat all. Consideringthe caseof
ROBIN N = 1000again, the runtime penalty of usingW = 1 < Wy is even higher than
that of usingW = 32. Furthermore, even though the runtime penalty of usingW > W
is not trivial, the di erence betweenthe pinked shadedboxes and the blue dashedboxes
indicate the large amourt of NOW memory leftover which can be usedfor model cheding
or someanticipation for acceleratingthe computation.
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Figure 5: Experiments on Slot

After all, Robin and Slot are two of the average-caseproblems for our distributed
algorithm. Howewer, the scalability of our current implemertation of distributed saturation
is restricted by the number of partitions of the input model: the number of workstations we
used,W, cannot exceedthe number of MDD levels,K . In the other words, the ownership of
eat MDD level is exclusive amongworkstations, although theseownershipcanbe transfered
between workstations. So, this two models are selectedsimply becausethey have more
than 64 MDD levels. Yet, this drawbadk can be resoled by allowing multiple workstations
managingthe sameMDD level but then additional communication overheadis required for
maintaining the canonicity of MDD nodes over workstations. In the end, the experimen
of the two cade policies merely shov a small improvemert in comparisonto our original
implemertation.

6 CONCLUSIONS AND FUTURE RESEAR CH DIRECTIONS

We designedand implemerted a new versionof the distributed symbolic state-spacegenera-
tor, SN TIYW, whoselevel-basednhode allocation schemeadhievesexcellen memorydistribu-
tion and scalability over NOWs. Thanks to the ever increasingnetwork speed,our approat
e ectively provides the large amourts of memory neededwhen studying large systems,al-
though it o ers no theoretical speedup. Also, the cade heuristics speedup our algorithm
and make the performanceof the distributed approad more cornvincing.

Somefuture researt directions are discussedoelow.

6.1 Two-level cache policies

Sincethe single-le\el cadhe policy mixesup the newly cadhedertries and the cade-hit ertries,
it might o set the idea of distinguishing the usefulnessof ead ertry. In detail, the cade
policy to distinguish the ertries accordingto how frequert ead of them has beenretrieved
makesmore sensdaf the comparisonis only amongthose cade-hit ones. Also, heary elemen
insertion might cancelout the usefulnessof bookkeepingcorrespnding to somekey. Thus,
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Figure 6. 2-levelsunion caches

we suggesta two-lewel operation cade (L1 and L2) : L1 cade is usedto store cade-hit
ertries; L2 cade is usedto store newly caced entries. A newly computed result will be
cathedin L2 initially . Oncesomel2-caded entry is cadhe-hit, it will be movedto L1 cade.
If an entry storedin L1 cade is cade-hit, its position will be changed. Fig. 6 shows the
new structure we useto cade union operations. The three examplesshawn in the last three
columnsof Fig. 6 are: cadiing a newly computed result, the union of hk; 2ihk; 7i is hk; 9i,
sharinga key with the union of rk; 2ihk; 4i and the union of Fk; 3ihk; 5i; the update following
an L2 cade hit on the result of the union of hk; 3ihk; 5i; the update following an L1 cade
hit on the result of the union of Kk; 1lihk; 4i. After all, the time to accessadt enry stored
in this new hashtable is still O(MaxAllowelCollision).

6.2 Parallel version of ST TN¢W

In [6], we introduced the idea of utilizing idle workstation time by ring ewerts e with
Top(e) > k on saturated MDD nodesat level k a priori. Sincewe cannot know in advance
whether sud an evert will needto be red on p, and a nave speculative shemeaskingeadh
idle workstation to computeall possible rings may require excessie memory, we introduce
the idea that workstations recognizeevent ring patterns, namely sequence®f evens that
have been red on MDD nodessofar, then speculatively exploreonly rings conformingto
thesepatterns to prevert unrestrainedspeculation from squanderingthe overall NOW mem-
ory. Also, in [7], we explore how to encale the ewlution of ead ring pattern implicitly,
sothat MDD nodescan sharethe encaling of the samepatterns. The implicit method for
pattern encaling is not only for reducingthe memory overheadof this prediction schemebut
alsofor tuning the accuracyof speculation. In the near future, we plan to apply this specu-
lative imagecomputation ideato speedupthe distributed readability analysison large scale
systemson heterogeneousluster (Myrinet connectedsingle-hip multi-pro cessingnadines)
using the combination of messagegassing(MPI) and sharedmemory (OpenMP) libraries.
A preliminary experimert of an OpenMP implemertation of parallel saturation shaws that,
in the best case,the speculation idea decreaseshe runtime of (sequetial) saturation by a
factor of 3 while using4 threads. Howe\er, in this method, there is onethread assignedonly
for managingthe history of evert ring patterns, soonly three threads were doing the real
computation (either saturation or speculation). Then, we can seethat a linear speedupis
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almost achieved. Now, we are trying the sameexperimert on a SGI SMP macdhine which
has 32 dual-coreprocessordo seewhether this ideais scalableor not.
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