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Abstract the behavior is verified together with the system model. Thus, com-
mon properties as the correctness of the schedule may be affirmed

In this paper, an approach to symbolic model checking of pro- or artificial deadlocks [13] may be detected.

cess networks is introduced. It is basedioterval decision dia- A simple example process network from [13] is shown in Fig-

grams(IDDs), a representation of multi-valued functions. Com- ure 1. 4, B, C, andD represent processes, whileb, ¢, d, ande

pared to other model checking strategies, IDDs show some impor- are unbounded FIFO queues. The network follows a blocking read

tant properties that enable the verification of process networks moresemantics, i.e., a process is suspended when attempting to get data

adequately than with conventional approaches. Additionally, ap- from an empty input channel.

plications concerning scheduling will be shown. A new form of

transition relation representation calieterval mapping diagrams

(IMDs)—and their less general versignedicate action diagrams

(PADs)—is explained together with the corresponding methods.

put(0,b); do {
do

{ O put(get(c),a);
put(get(a),b); put(get(c),d);
1 Introduction } forever; } forever;

Process networknodels—consisting in general of concurrent pro-
cesses communicating through unidirectional FIFO queues—as
that of Kahn [7, 8] are commonly used, e.g., for specification and

synthesis of distributed systems. They form the basis for appli- put(1,e);
cations such as real-time scheduling and allocation. Many other put(get(b),c), do
models of computation, e.glataflow process networks1], com- put(get(e),c); put(get(d),e);
putation graphg9], andsynchronous dataflo¢SDF) [10], turn out } forever; p| } forever;
to be special cases of Kahn's process networks.
As the SDF model is restricted enough, tasks as determining a Figure 1: Simple process network.
static schedule or the verification of properties are well-investigated o
and may be handled efficiently. The situation is similar for compu- Formal verification is able to prove, e.g., that there are never

tation graphs. While many dataflow models are sufficiently ana- more than two tokens buffered on any communication channel—
lyzable by balance equation methods, they fail for more powerful i-€., that the process networksgrictly boundee-or that the net-
descriptions due to their complex internal state. work is non-terminating. Both properties are essential during the
Typical questions to be answered by formal verification of pro- development of scheduling policies. _ _
cess networks are about the absence of deadlocks, the boundedness A simple dynamic scheduling example to be modeled in combi-
of the required memory, or rather “may proce@sand P> block nat_ion with the network is a pl_ain priority-based scheduli_ng _policy
each other?” or “may’; andP: collide while accessing to ashared ~Which executes proceds only if A is not enabled, otherwisé is
resource?”. Especially the memory boundedness is important asexecuted. An important question to be answered now is whéther
process networks in general may not be scheduled statically. Thus,could be blocked forever becaudemay always be enabled.
dynamic schedulers have to be deployed which cannot always guar- ~ During the last years, a promising approach narsgahbolic
antee to comply with memory limitations without restricting the model checkingsee, e.g., [3, 4], was applied to many areas of
system model [13]. system verification and even has been able to enter the area of
In addition, the process models may be extended to describeindustrial applications. It makes use lihary decision diagrams

one or several dynamic or hybrid scheduling policies, too, of which (BDDs) [2] which are an efficient representation of Boolean func-
tions and allow for this very fast manipulation.

Concerning process networks, the traditional BDD-based meth-
od of automated verification suffers from the drawback that a bi-
nary representation of the process network and its state is required.
One severe problem is that the necessary capacity of the queues
in general is unknown before the analysis process. But to per-
form model checking, the queue contents represented by an integer
number have to be coded binary, requiring an upper bound. This



deficiency could be avoided partially usingulti-valued decision 2 Interval Decision Diagrams
diagrams(MDDs) [14] with unbounded variable domains instead

of BDDs. But problems occur, e.g., when complementing a finite 2.1 Notation

set described by an unbounded MDD as this results in an infinite
set taking an infinite number of MDD edges which is not possible.
One strategy to avoid this again is to bound the variable domain to f:PLxPyx ...x P, = Qy,

a finite range such that complementary sets are finite, too. . ) )

Another difficulty emerges from the partially very regular be- WhereP; C Z are the domain sets of the variables andQ; is
havior of network processes that in general consists of consum- the discrete af}d finite range setjfof ) )
ing or producing one or a few constant numbers of tokens at a  The termz” represents dteral of a variabler with respect to
time. Consider a simple dataflow node. lts firing behavior with & Setl € Z, thatis the Boolean function
respect to an outgoing arc representing a queue consists of adding, I 0 ifzgl
e.g., one token at a time. When representing this behavior us- T = { 1 ifeel
ing BDDs or MDDs, a huge part of the transition relation deci-
sion diagram (DD) is necessary to model explicitly all possible For the sake of brevity, fof = {b} containing only one single
pairs of a queue’s state and its successor state after the firing, e.g.valueb € Z, the literal of variabler with respect tdl is denoted
{(1'71")} = {(07 1)7 (17 2)7 (27 3)7 et (n - 17")}- :L'b = $I.

An approach with aims similar to our’s is the one of Gode- In the following, we will deal with intervals ofZ, i.e., inte-
froid and Long [5]. They verify system models—especially for ger intervals. Two intervals are namadighboredif they may be
lossy communication protocols—based on FIFO queues by coding joined by union into a larger interval, where overlapping intervals
the queue contents binary and representing them in forquetie are called neighbored, too.

BDDs (QBDDs). QBDDs are an extension of BDDs for dealing The function resulting when some argumenbf function f is
with dynamic data structures and infinite state spaces. They havereplaced by a constant valtiés called arestriction or cofactorof
to renounce an ordered BDD form as repeated occurrences of vari-f and is denotedf|., = or, for the sake of brevityf, .. That is, for

Let f(z1,z2, ... ,x,) be a multi-valued function with signature

ables along a path are necessary. The DD depth is not static, butany arguments, ... , z,,
may increase substantially during the computations depending on
the number of elements contained in the queues. Only the enqueu- fzg(l‘l, vy n) = fler, oo mim, b mig, - T,

ing or dequeuing of single elements is treated. QBDDs are used to . ) )
describe sets of system states, but not the transition relation. Thelf for all possible values of; in some interval C P;, f does not
methods applied for this require specialized enqueuing and dequeu-depend om;, i.e.,
ing methods of which the possibility to be combined with conven- Vbc€T: f = foc,
tional BDD techniques is not guaranteed. i ¢

To overcome the above-mentioned limitations of conventional then f is independenof z; in I, and the cofactor of with respect
symbolic model checking of process networks, we present an ap-to the literalz! is defined by
proach that useisterval decision diagram@DDs) combined with
interval mapping diagramgIMDs)—especially their restricted for(@i, oo wn) = foo (21, .. @p) forallb e I
form predicate action diagram@ADs)—and thus is able to rem-
edy the described lacks of traditional approaches. Fundamentally,
it is based on a more reasonable way of describing the above-
mentioned form of transition relations. It affords the possibility Definition 2.1 (Interval cover) Thesetl (P;) = {I1,Is, ... ,I,,}
to represent them as the “distance” between a state and its succesof p; split intervalsI; depicts arinterval coverf P; if eachl; is a
sor after the transition, which means the difference of the numbers subset of;, i.e.,I; C P;, andI(P;) is completgi.e.,
of included tokens before and after the execution. The major en-
hancements of symbolic model checking with IDDs and IMDs are: P, = U 1.

Te€I(P;)

In this case/ is called arindependence intervaif f with respect
toz;. From now on, all domain sef3 are supposed to be intervals.

e No state variable bounds due to binary coding or com- _ i o
plementation are necessary as with conventional symbolic Definition 2.2 (Interval partition) A cover isdisjoint f

model checking. Vi kwith1 < jk<pnj#k:L NI =0
e The transition relation representation is compact—especially holds, i.e., no element d¥ is included in more than one split in-
for models like process networks—as ontgte distanceare terval. A disjoint cover is nameidterval partition

stored instead of combinations of state and successor. Ac- ] - )
cordingly, an innovative technique for efficient image com- Definition 2.3 (Independence interval partition) An independ-
putation is introduced. ence interval partitiofs a partition consisting of independence in-
tervals only.
e Due to the enhanced merging capabilities of IDDs and the . .
abandonment of binary coding, state set descriptions are _Fromnow on, only functions are considered that are decompos-
more compact than using BDDs. able over an interval partition with a finite number of independence

intervals. Their partial functions may be composed by the Boole-
We introduce the formalism of interval decision diagrams, an effi- Shannon expansion for a multi-valued function with respect to a
cient representation of discrete-valued functions, and the methodsvariablez; and an independence interval partitib(; ), given by

and techniques necessary to apply this new form of function de- I

scription to symbolic model checking. In this paper, process net- f= Z Zi - fa:{~ @
works are regarded exemplarily without meaning further restric- T€I(P;)

tions. The operations + andin this equation have a “Boolean-like”

meaning, hence shadowing all but one function valug tifat cor-
responds to the respective valuewof



Definition 2.4 (Reduced interval partition) An independence in-
terval partition is namedninimalif it contains no neighbored split
intervals that may be joined into an independence interval. An in-
terval partitionI (P;) = {I1, I», ... , I,,} is orderedf the higher
bounds of all split intervals build an increasing sequence with re-
spect to their indices. An independence interval partition which is
minimal and ordered is calleteduced

Theorem 2.1 A reduced independence interval partition of a do-
main P; is unique

The proof is by contradiction.

2.2 Structure

An example interval decision diagram is shown in Figure 2. It rep-
resents a functiorf (z1, z2, z3) with the variable domaing; =
[0, 00) and the rang®) ; = {a, b} denoted as

xg0,7]

a if 2l g0y glhee)
b otherwise

f(zr,x2, 23) ={

Figure 2: Example interval decision diagram.

The IDD edges are labeled with real or integer intervals. In the

scope of this paper, we concentrate on intervals of integer numbers.

Extensions for real numbers can easily be derived [15]. IDDs can
be regarded as a generalization of BDDs, MDDs, and MTBDDs
(multi-terminal BDD3.

2.3 Representation

IDDs are represented by canoni@ahction graphssimilar to those
of [14] and [2].

Definition 2.5 (Function graph) A function graphG is a rooted,
directed acyclic graph with a node s&t containing two types
of nodes. Anon-terminalnodev € V has as attributes an ar-
gument index = index(v), an independence interval partition
part(v) = I(P;) = {I, I, ... ,I,;} andp; = |part(v)| chil-
drenchild,(v) € V,1 < k < p;. The split intervalsnt, (v) =
I, € I(P;) ofthe partition are assigned to tlerrespondingraph
edges(v, childi(v)) € E. Aterminalnodev has as attribute a
valuevalue(v) € Qy.

We define the correspondence between function graphs and(z: < 7) A (z2 = 3) V (z2 > 6) =

multi-valued functions as follows.

Definition 2.6 The functionf, associated to a node € V of a
function graphG is defined recursively as:

e If v is aterminal node, theif, = value(v),

e if v is a non-terminal node witlindez(v) = i, thenf, is
the function depicted by the Boole-Shannon expansion as de-
scribed in equatiorfl), thus

I.
Z z;’ 'fchild]-(v)-

I;€part(v)

fv

@)

The function denoted by the graghis associated to its root node.
A subgraphG, of G inducedby a nodev contains all edges and
nodes reachable from.

In the context of decision diagrams, functions are considered to
be equivalent to their associated nodes. Hence, a fungtias-
sociated to a node with variable index; may be represented by
a (p+l)-tuple f, = (zi, (I, F1), ... ,(Ip, Fy)), where(I, Fy)
denote pairs each consisting of split interdal= int, (v) of the
interval partitionpart(v) and the functionF}, associated to the
respective corresponding child nodgild, (v). This description
is directly associated to the Boole-Shannon expansion mentioned
above.

Definition 2.7 (Ordered function graph) A function graph isor-
deredf for any adjacent pair of non-terminal nodée, childy, (v))

we haveindez(v) < index (childi (v)).

The termlayer depicts either all non-terminal nodes having the
same index or all terminal nodes. In the following, only ordered
function graphs are considered.

Definition 2.8 (Reduced function graph) A function graphG is
reducedf

1. each non-terminal nodehas at least two different children,

2. it does not contain two distinct nodesand v’ such that the
subgraphs rooted by andv’ are isomorphic(as defined in
[2]), and

3. the independence interval partitionsiré(v) of all non-
terminal nodes are reduced.

Now, one of the major results of this paper is described.

Theorem 2.2 For any describable multi-valued functigfy there

is a unique reduced function graph denotifigAny other function
graph denotingf with the same variable ordering contains more
nodes.

Proof: The proof proceeds along the same lines as those in [2]
and [14]—by induction on the size of the dependence set—, but is
omitted here for reasons of space [15]. |

Similar to BDDs and related decision diagrams, several reduc-
tion rules exist to transform any IDD into a reduced form [15]. For
conventional symbolic model checking of the described class of
models of computation, basically Boolean functions over integer
variables are of importance. Hence, from now on, only IDDs are
considered that represent Boolean functions over integer intervals,
i.e., their terminal nodes may have only the values 0 or 1 and thus
are called- or 1-terminal nodesrespectively. With the use of such
kind of IDDs truth functions and propositions as, efz1, z2) =
:1:[10’7] : x[;”g] \% :1:56’00) are
describable.



2.4 If-Then-Else Operator

The If-Then-Elseoperator {T FE) [2] constructs the graph for the
function obtained by composing two functionET' E is a ternary
Boolean operation directly derived from the Boole-Shannon expan-
sion and is denoted

ITE(F,G,H)=F -GV ~F - H.

Thus, it means: IfF thenG elseH. ITE can be used to
apply all two-variable Boolean operations on IDDs, within a single
algorithm. LetZ = ITE(F,G, H) and letz be the top variable of
F, G, andH, i.e., the variable at the common highest layer of their
IDDs and thus with the lowest index. Using the Boole-Shannon
decompositioN T E is recursively defined as

ITE(F,G,H) = (x (I, ITE(F,1,,G,1,, H,1,)),
oo s (I, ITE(F,1,,G 1y, H 1) ),
where the terminal cases of this recursion &£ (1, F,G) =

ITE(0,G,F) = ITE(F,1,0) = F. The procedure to compute
ITE is described in detail in [15].

3 Interval Mapping Diagrams

Interval mapping diagrams are used to represent transition rela-

tions, e.g., in symbolic model checking. They map a set de-
scribed by a Boolean-valued IDD onto a new set—described by
such IDD, too—by performing operations like, e.g., shifting or as-
signing some or all values of the IDD’s decision variables. For
interval shifting, a simple unbounded interval arithmetic with the
operatorst for additionand — for substraction each over two in-
tervals, is used.

3.1 Representation

IMDs are represented hyapping graphssimilar to the function
graphs described in Definition 2.5. They contaiterval mapping
functionsf : T — I, mapping intervals onto intervals, wheke
denotes the set of all integer intervals.

Definition 3.1 (Mapping graph) A mapping graphG is a rooted,
directed acyclic graph with a node s&t containing two types
of nodes. Anon-terminalnodev € V has as attributes an ar-
gument index; = index(v), a set of interval mapping func-
tions func(v) = {fi, f2, ..., fn} @andn = |func(v)| children
child,(v) € V,1 < k < n. The mapping functiong(v) are
assigned to theorrespondingraph edgegv, child,.(v)) € E. V
contains exactly onterminal nodev with value(v) = 1.

Unlike IDDs, IMDs in general have no canonical forms. As,
for instance, no equivalence checkingd @E operations of IMDs
have to be performed in contrast to IDDs, this is no general limita-
tion.

3.2 Interpretation

Informally, the functional behavior of IMDs may be described as
“set flow”, similar to that of data flow. The data consists of sets

the corresponding state variable included in the actual set descrip-
tion onto a transformed interval. The effect of this may be, e.g., to
shift, shrink, grow, or assign the whole set along exactly one coor-
dinate of the state space. Then the modified set data is transferred
to the next IMD node corresponding to another state variable where
the transformation continues.

If an interval is mapped onto the empty interval, this is a de-
generated case as the set is restricted to an empty set, i.e., the set
data effectively does not reach the end of the computation along
this path. From a global view, the set data flows through the IMD
from its top to the bottom along all paths in parallel and finally is
united in the terminal node to the resulting set. The algorithm to
achieve this behavior will be sketched in Section 4.

3.3 Predicate Action Diagrams

Predicate action diagrams are a restricted form of IMDs dedicated
to describe the transition behavior especially of process networks
and similar models.

Definition 3.2 (Predicate action diagram) A predicate action di-
agram is an interval mapping diagram containing only the follow-
ing mapping functions:

_ INIp+1a if[ﬂIp#@
f+() —{ (] otherwise
and
_ Ia ifIﬂIp#@
f:(I)_{ [] otherwise ’

where f+ is theshift functionand f— the assign function Ip is
thepredicate intervahnd I 4 theaction interval

The combination of predicate and action interval parameterizes
the mapping function and completely defines its behavior. The syn-
tax Ip/ + 14 is used for the shift functiorf; andIp/ = 14 for
the assign functiotrf—. The shift aboutl = [a, b] in reverse direc-
tion corresponding to interval substraction is achieved by addition
of —I = [—b, —a] = I, and is denoted a&/ — I.

4 Image Computation

4.1 Definition

Letz = (z1,z2, ... ,T,) be a vector depicting a system state.
Then a state sef is represented by its characteristic functigm)
with

1 fzesS
0 otherwise -

s(z) (©)

Let z andz’ be system state vectorse-the one before angd’
its successor after a transition—afid:, ') a characteristic func-
tion representing the transition relati@ni.e.,

1 if (z,2')eT
0 otherwise

§(z,2') = 4)

In symbolic model checkingmage computatiors of impor-

represented by unions of intersected intervals of state variable val-tance. Theimagém(S,T') of a setS of system states with respect
ues, as described in Section 2.1 and represented by an IDD. Begin{© transition relatiorf” represents the set of all states that may be
ning at the root node of an IMD, the set data has the possibility to féached after exactly one valid transition from a state irbsdthe
flow along each path until reaching the terminal node. Each IMD inverse imagePreIm(S,T') depicts all states that in one transi-
edge transforms the data according to the respective mapping func-fion canreach a state ir§. The formal definitions of the image
tion. More precisely, the mapping function maps each interval of CPerators are given, e.g., in [6].



4.2 Using IDDs and IMDs

Figure 3 shows an example process network with unspecific con-
sumption and production rates represented by intervals. Itis similar
to a computation graph [9] where the consumption rate is indepen-

dent of the threshold—depicted as a condition here.

Figure 3: Example process network.

Figure 4 b) shows the corresponding transition relation repre-
sented by the PAIN, Figure 4 a) an example state set IDD
The latter does not include the O-terminal node and all its incoming
edges for clearness.

a) S b) T
) [2,00)/ u [0,00)/
: —-1,2] +[1,4]
[0,0] ° [1,2] l[l o)/ [0,00)/
—[1,1] +[1,1]
[0.%) [0.0] 2.

Figure 4: State set IDD and transition relation PAD.

The state set is described g, v, w) = (v =0) V (1 <v <
2) A (w = 0), the transition relation aé(u,v,w, v ,v’,w")
u>2)A(u—v €[L2DA(W > D)AR =v—-1)A(w' —w €
[L,3)V —uw e [LADAW =v+1)A(w > 2)A (0 = w—2),
for u, v, w, v, v, w' € [0, 00).

4.3 Computation

In this section, we describe how to perform image computation us-
ing IDDs and IMDs. Conventionally, as mentioned in Section 1,

The final result is a reduced IDB' for the characteristic function
s'(x, 74, ... ,x.,) of the set of successor states.

This image operation is performed recursively by the func-
tion mapForward(v,w) as sketched partially in Table 1—over
an IDD nodev and an IMD nodew. The resulting IDDS’ is con-
structed recursively by traversing depth-first both source graphs and
creating new edges and nodes resulting from the interval mapping
application by maintaining the respective graph structures. The op-
eration is similar to thelpply operation described in [2I' N, and
TN, are the 0- and 1-terminal node, respectively.

mapForward(v,w) :
if v=TNy
return  T'Np;
(U = TNl) A (’LU = TNl)
return T Ny,
Vres = 1 No;,
if index(v) < index(w)
[...]
else if
[...]
else
for each
for each
if

if

index(v) > index(w)

I; € part(v)
fr € func(w)
(child;(v) # T'No)
Ines = fk(lj);
if  Ines #1]
ve = mapForward(child; (v), childy,(w));
if w.# TNy
create new nodé with index(v);
add new edge with intervdl.e s
ending inv. to v;
complement with edges tdl" Ny;
if ¥ is obsolete
¥ = childy (?);
Ures = Ures V U
return

Ures,

Table 1: Forward mapping for image computation.

As a memory function, a hash table of already computed results
for pairs ofv andw is maintained—omitted in Table 1—such that
an included result may be returned without further computation.

As described above, the mapping functions are used for for-
ward traversal during image computation witm(S, T'), e.g., for
reachability analysis where time proceeds in forward direction. To
perform CTL model checking using essentialtyeIm(S,T), the
reverse direction is necessary, thus some kind of inverse mapping
functions has to be used. For IMDs, depending on the structure of
the mapping functions, this inversion is not always possible as an
interval representation is necessary to display the function result.
However, especially PADs have valid inversions [15].

4.4 Image Computation With PADs

the transition relation is represented as a BDD that explicitly stores Image computation with PADs now will be described briefly. The

all valid combinations of system state and predecessor state. Imagesiate distance between two system statesnd «’ is defined as
calculations are performed using Boolean operators as existentialn .. — ' _ 4 Thus according to equation (4), the transition rela-

and universal quantifieB andV, respectively—which internally
are computed using the If-Then-Else operal@iE, see [12] for
instance. This strategy is possible for IDDs, too.

Another technique is described in the following. First, we intro-

duce a general form of transition relations based on IMDs. Then we

concentrate on further restrictions using PADs which allow for the

efficient representation of state distances combined with the corre-

sponding transition conditions.

Image computation with IDDs and IMDs requires an |I3D
for the characteristic functios(z1, z2, ... ,x,) of a state set and
an IMD T for the characteristic function of the transition relation.

tion T may be described as the characteristic function

2 1 if(z,z+Ax)eT
oz, Az) = { 0 otherwise

In Figure 4 b), only shift functiongy are used as mapping
functions. In the case of queue contents limited to non-negative
numbers, the predicate intervals must ensure that the resulting state
variablesz; after a transition may not become negative, i.e., the
enabling condition has to be satisfied. The action intervals perform
the consumption and production of tokens by shifting intervals of

®)



state set variable values. Hence, the action intervals represent theset of reachable states or by checking CTL formulae on the con-

state distancé\z. The assign functiong- are dedicated to model
finite state systems.

5 Symbolic Model Checking

Symbolic model checking allows for the verification of certain tem-
poral properties of state transition systems, where the explicit con-
struction of an entire reachability graph is avoided by implicitly de-
picting it using symbolic representations. Often, the propositional
branching-time temporal logic CTLComputation Tree Log)cis
used to specify the desired system properties [12]. To verify such
CTL formulae,ITE operator and image computation are used.

The most frequently employed form of symbolic representa-
tion are BDDs and their derivatives, e.g., see [4, 12]. The interval
representations as introduced in this paper provide the following
advantages.

¢ Using IMDs and IDDs for the representation of transition

tent of queues. For termination and deadlocks, respective CTL
formulae may easily be formed. Additionally, the effect of cer-
tain scheduling policies on these measures may be investigated or
improved. Deadlocks in artificially bounded process networks or
inherent bounds may be detected. In this way, optimal schedules
may be confirmed or even developed by determining least bounds
and thus optimal static capacity limits for scheduling, constraining
the necessary memory.

5.3 Experimental Results

Among several diverse system models based on FIFO queues pro-
ducing promising results, the model of a symmetric multiserver
random polling system [1] has been investigated. The set of reach-
able states has been calculated by a series of image computations.
Some results for different initial configurations are presented
now, comparing IDDs and PADs to BDDs. In the BDD version,
the coding of the state variable values was direct binary. Our inves-

relation and state sets, respectively, avoids some undesirabletigations yielded promising results concerning the number of nodes

limitations of BDDs and binary coding.

e The introduced image computation is dedicated to process
networks as only state distances are stored.

e The description is more compact as sets of state variable or

state distance values are combined and depicted as one IDD

or IMD node.

5.1 Modeling Process Networks

For symbolic model checking, only the quantitative system behav-
ior is considered, i.e., only the number of tokens in each queue, not
their values. The behavior of Kahn process networks may be re-

produced by decomposing the transition behavior of each process

into atomar transitions, changing the internal state of the process

and consuming and producing tokens in dependence on the inter-
nal state. For this decomposition, the process behavior has to be
describable by a finite state machine. Recursive network structures

are not allowed. Non-blocking read or blocking write semantics
may be represented, too. Even non-determinate models with multi-

reader and multi-writer queues as, e.g., Petri nets are verifiable us-

ing IDDs and IMDs.
Each path in the transition relation PAD describes one possi-
ble state transition. The mapping functions along the path depict

enabling conditions and the corresponding state variable changes.

The transition is enabled if all conditions along the path are sat-
isfied. Analog to computation graphs [9], a threshold different
from the consumption rate may be specified. Non-determinate con-
sumption rates can easily be considered as intervals—introducing
an additional degree of non-determinism. While changes of queue
contents are described using shift functighs assign functions

f= are used for internal state changes. The state variables are of

either infinite domain—representing contents of unbounded FIFO
gueues—or of finite domain—describing internal process states or
bounded queues.

5.2 Model Checking

Symbolic model checking of process networks comprises the
whole well-known area of model checking concerning the detec-
tion of errors in specification or implementation. Examples are the

mutual exclusion of processes or the guaranteed acknowledgement

and edges as well as the computation time. Figure 5 shows the size
of the diagram representing the set of reachable states for increas-
ing initial configurations.

6000 __+ # edges

# edges

k-

5000

. m # nodes

4000

8

__+  # nodes

3000

2000

1000

20

Figure 5: Size of state set diagram.

In Figure 6, the computation time to determine the set of reach-
able states is depicted depending on the initial configuration.

BDD
25
| DD, PAD

Cx -

20

15

10

R
I
15

m

3 10 20 25

Figure 6: Computation time of reachability analysis.

For both criteria, IDDs and PADs turn out to be superior to

of requests. Properties may be described as CTL formulae and verthe conventional approach using BDDs. The size of the transition

ified as usual [12].
Apart from this, applications assisting in scheduling are pos-

relation diagram is compared in Table 2. The significant reduction
of the number of nodes in the transition relation PAD and in the

sible. Boundedness can be determined either by computing thestate set IDD is obvious compared to the BDD equivalents. The



PAD size is independent of the initial configuration, while the BDD
size increases heavily with it.

PAD BDD
m=15 | m =20
# layers 6 48 60
# nodes 16 403 521
# edges 21 802 1038

Table 2: Size of transition relation diagram.

Considering the computation time, BDDs additionally have one
major disadvantage in contrast to IDDs and PADs. As mentioned
in Section 1, using BDDs requires an upper bound for the state
variable values as they are coded binary. But such a priori bound
is not known in general. As using too loose upper bounds causes

networks and related models of computation has been presented.
It is based on a novel, efficient form of representation of multi-
valued functions called interval decision diagram (IDD) and the
corresponding image computation technique using interval map-
ping diagrams (IMDs). Several drawbacks of conventional sym-
bolic model checking of process networks with BDDs are avoided
due to the use of IDDs and IMDs.
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