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Abstract. The modeling and simulation of physical systemsis of key
importance in many areasof scienceand engineering, and thus can bene-
t from high-qualit y software tools. In previous researd we have demon-
strated how functional programming can form the basis of an expressiwe
language for causal hybrid modeling and simulation. There is a growing

realization, however, that a move toward non-causal modeling is neces-
sary for coping with the ever increasing size and complexity of modeling
problems. Our goal is to combine the strengths of functional program-
ming and non-causal modeling to create a powerful, strongly typed fully
declarative modeling languagethat provides modeling and simulation ca-
pabilities beyond the current state of the art. Although our work is still

in its very early stages,we believe that this paper clearly articulates the
need for improved modeling languages and shows how functional pro-
gramming technigues can play a pivotal role in meeting this need.

1 Intro duction

Modeling and simulation is playing an increasingly important role in the de-
sign, analysis, and implementation of real-world systems.In particular, whereas
modeling fragments of systemsin isolation was deemedsu cien t in the past,
consideringthe interaction of thesefragmerts as a whole is now necessaryThe
resulting models are large and complex, and span multiple physical domains.
Furthermore, these models are almost invariably hybrid: they exhibit both
continuous-time and discrete-time behaviors. For example, the modeled system
may cortain a digital cortroller, or it could be that the very structure of the
modeled system changesover time. Either way, the resulting model will have
a number of structural con gurations, or modes ead described by continuous
equations. In general, the total number of modes can be enormous, or even
unbounded, and often cannot be predicted a priori. We refer to systemswhose
number of modes cannot be practically predetermined as structurally dynamic.
Special modeling languageshave been developed to facilitate modeling and
simulation. There are two broad languagecategoriesin this domain. Causal (or
black-oriented) languagesare most popular; languagessucd as Simulink [9] and
Ptolemy 11 [8] represen this style of modeling. In causalmodeling, the equations
that represen the physics of the system must be written sothat the direction
of signal ow, the causality, is explicit. The second,but less populated, class



of languageis non-causal (or object-oriented?), where the model focuseson the
interconnection of the componerts of the system being modeled, from which
causality is then inferred. Examplesinclude Dymola [3] and Modelica [11].

The main drawbadk of casuallanguagesis the needto explicitly specify the
causality. This hampers modularity and reuse[2]. Non-causallanguagesaddress
this problem by allowing the user to avoid committing the model itself to a
speci ¢ causality: depending on how the model is being used, the appropriate
causality constraints are inferred using both symbolic and numerical methods.
Unfortunately, current non-causalmodeling languagessacri ce generality, par-
ticularly when it comesto hybrid modeling.

There are additional weaknesseshat are commonto both typesof language.
Many languagesare either untyped, or important invariants are only cheded
dynamically. No commercially available modeling system enforcesthe consisten
use of physical dimensions. Also, the number of modesis usually limited, since
this simpli es implementation by making it possibleto generatesimulation code
for all modesat compile time [12].

In previousreseard at Yale, we have developed a framework called functional
reactive programming, or FRP [20], which is highly suited for causalhybrid mod-
eling. This framework is embodied in a languagecalled Yampa? as an extension
of Haskell. Yampapermits highly dynamic hybrid systemsto be described clearly
and concisely[14]. In addition, becausethe full power of a functional language
is available, it exhibits a high degreeof modularity, allowing reuse of compo-
nents and design patterns. It also employs Haskell's polymorphic type system
to ensurethat signals are connected consisterily, even as the system topology
changes.The semartic foundations of Yampa are well de ned and understood,
making models expressedusing Yampa suited for formal manipulation and rea-
soning. Yampa and its predecessordave beenusedin robotics simulation and
control aswell asa number of related domains [16{18].

Non-causalmodeling and FRP complemen ead other almost perfectly. We
therefore aim to integrate the core ideas of FRP with non-causal modeling to
create Hydra, a powerful, fully declarative modeling language conbining the
strengths of ead. If we treat causality and dynamism astwo dimensionsin the
modeling languagedesign space,we seethat Hydra occupiesa unique point:

Static Dynamic
structure  structure

Causal| Simulink | Yampa

Non-causal| Modelica| Hydra

We refer to the combined paradigm of functional programming and non-
causal, hybrid modeling as functional hybrid modeling, or FHM. Conceptually,

! Not to be confused with object-oriented programming languages. Concepts like
classesand inheritance may be part of an object-oriented modeling language, but
methods and imp erativ e variables are not.

2 seehttp://haskell.orglya mE@.



FHM can be seenas a generalization of FRP, since FRP's functions on signals
are a special caseof FHM's relations on signals. In its full generality, FHM, like
FRP, also allows the description of structurally dynamic models.

The main cortribution of this paper is that it outlines how notions appropri-
ate for non-causal,hybrid simulation in the form of rst-class relations on signals
and switch constructs can be integrated into a functional language,yielding a
non-causal modeling language supporting structural dynamism. It also identi-
es key researd issues,and suggestshow recert dewvelopmerts in the eld of
programming languagescould be employed to addressthose issues.

2 Non-Causal and Hybrid Mo deling

Webelievethat both the non-causal and hybrid stylesof modeling are essetial to
addressthe increasingcomplexity of modeled systems.Unfortunately, combining
these stylesis di cult. In this section, we explain non-causalmodeling and its
advantages. We then outline the state of the art of non-causalhybrid modeling,
and identify a number of shortcomingsthat must be addressed.

2.1 Adv antages of Non-Causal Mo deling

Consider the simple electrical circuit in Fig. 1(a) (adapted from [10]). We can
model this circuit in a causal language such as Simulink by transforming the
circuit into the black diagram of Fig. 1(b).
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Fig. 1: A simple electrical circuit and its causal model.

Mathematically, such a block diagram corresponds to a system of ordinary
di erential equations (ODES) in explicit form.® In such an ODE, the causality,

% Since a system of ODEs can be written as a single ODE using vector notation, we
will just write ODE and not worry about whether there are one or more equations.



i.e. the cause-and-e ectrelationship, is explicit: \known" quantities (inputs and
state variables) are used to de ne \unknown" quartities (outputs and state
derivatives). Hencethe name causalmodeling. The block diagram in Fig. 1(b) is
a rendering of the following equations, wherei, and uc are the state variables:
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With causal modeling, it is easyto derive the simulation code by translit-
erating the ODEs into a sequenceof assignmen statemerts that compute the
outputs and the derivativesof the state variables for eat time step. Simulation
is then just a matter of stepwise numerical integration.

Unfortunately, the above equations,and consequetly alsothe corresponding
block diagram, bear little structural resenblance to the physical circuit they
model. The burden of deriving the causalmodel rests ertirely with the modeler,
andis generallyadi cult task.In particular, a causalmodelis not compositional :
it cannot be expressedstructurally as a composition of physical models of the
individual componerts. For instance, considera resistor. In a causalmodel, this
componert may be modeled (via Ohm's law) by one of two equations,u = Ri,
or i = u=R, depending on whether the voltage needsto be computed from the
current or vice versa. Thus, no single type of causalrepresertation can capture
the behavior of a resistor. Details of how the equationsthat de ne the model are
to be solved dictate how the user must expressthe model. In practice, modeling
using causalequationsis quite \brittle": a small changein the physical structure
of the system may have global consequenceén the causality of the equations.
This make it dicult to reusecomponerts in models [2].

In contrast, non-causalmodeling freesthe modeler from the needto spell out
the \how" of the simulation code through an explicit ODE. A non-causalmodel
is an implicit system of di erential and algebraic equations (DAE):

foox%wiuit)y=0

where x is a vector of state variables, w is a vector of algebraic variables, u
is a vector of inputs, and t is the time. This allows the modeler to expressthe
model in a way that directly re ects its physical structure. Models of individual
componerts can be reusa without rst having to adapt them accordingto any
speci ¢ causality requiremerts.

For example, a non-causalmodel of a resistor can be formulated as follows:

Uu=vp Vp
ip+in=0
u= Rip

wherethe subscripts p and n signify the positive and negative pin of the compo-
nent, respectively. A non-causalmodel for an inductor is given by the following



equations:

Uu=vp V
—1;0
u=Lip

Note that the equations are identical to those in the resistor model, except for
the last one. This is alsothe casefor a capacitor model where the last equation
would read:

— 0
ip=~Cu

In the context of a composite model, such as the circuit from Fig. 1(a), the
models of individual componerts can be reusedsimply by copying the equations
(and renaming variablesto avoid name clashes).The sub-madels are then inter-
connectedby adding connection equations accordingto Kirchho 's voltage and
current laws. For instance, after suitable renaming, the connectionequationsfor
the node betweenthe resistor R; and the capacitor C would be:

VRi:in = Vcip
iRy;n+icp=0

Good abstraction medanismscan facilitate the medanical aspects of copy-
ing code and creating connections,allowing the userto de ne componert models
in the form of namedgroupsof equationsand then createmultiple interconnected
instancesby referring to the componerts by name. A non-causallanguage can
alsosupport componert hierarchies, allowing the reuseof modeling knowledgein
an object-oriented way. For example, the common aspects of the resistor, induc-
tor and capacitor models above (the two rst equations of eadr model) can be
collected into a superclassdescribing what is common for two-pin componerts.
This modeling knowledgewould then be reusedin the actual componert models
through inheritance from the common superclass. A good example of suc a
languageis Modelica [11].

A non-causalsimulation tool must undertake a substartial amournt of sym-
bolic processingto put the model into a form suitable for simulation. While
there are numerical methods for integrating implicit DAEs, these methods are
not suitable for solving higher-index* DAEs which are very common in prac-
tice. Fortunately, it is possibleto automatically reducethe index of a DAE to 1
through symbolic manipulations [15], and further transformations allow the sys-
tem to be put into a form which canbe solved e cien tly by specializednumerical
methods [4,5].

2.2 The Need for Non-Causal Hybrid Mo deling

A hybrid model contains both continuous and discrete values. The cortinuous
and discrete parts of the model interact via discretetransitions at distinct points

4 The index of a DAE is the number of symbolic di eren tiations it takesto transform
the system to an ODE.



model BreakingPendulum
parameter Real m=1, g=9.81, L=0.5;
parameter Boolean Broken;
input Real u;
Real pos[2], vel[2];
Real phi(start=P1/4), phid;
equation
vel = der(pos);
if not Broken then
/I Equations of pendulum.
pos = f L*sin(phi), -L*cos(phi) g;
phid = der(phi);
m*L*L*der(phid) + m*g*L*sin(phi) = u;
else
/I Equations of free-flying mass.
m*der(vel) = m¥0, -gg;
end if;
end BreakingPendulum;

() Pendulum (b) Modelica model

Fig. 2: A pendulum, subject to externally applied torque and gravity.

in time. These interactions are known as events In between everts, the model
ewlves cortinuously: all discrete valuesremain xed. Sincethe model may de-
pend conditionally on the discrete values, eat discrete value assignmer de nes
a potentially unique con guration or mode of cortin uous operation.

While the simulation of pure contin uoussystemsis relativ ely well understood,
hybrid systems pose a number of unique challenges[12,1]. Problems include
handling a large number of modes, evert detection, and consistent initialization
of state variables. The integration of hybrid modeling with non-causalmodeling
raisesfurther problems.Indeed, current non-causalmodeling languagesare quite
limited in their ability to expresshybrid systems.Many of the limitations are
related to the symbolic and numerical methods that must be usedin the non-
causalapproad. But a more important reasonis that most such systemsinsist
on performing all symbolic manipulations before simulation begins[12]. Avoiding
theselimitations is an important part of our approad, seeSec.4.

SinceModelicais represenativ e of state-of-the-art, non-causal,hybrid model-
ing languageswe illustrate the limitations of presen languageswith an example
from the Modelica documertation [10, pp. 31{33]. The systemis a pendulum in
the form of a massm at the end of a rigid, mass-lessrod, subject to gravity
mg and an externally applied torque u at the point of suspension;seeFig. 2(a).
Additionally , the rod could break at somepoint, causingthe massto fall freely.

Figure 2(b) shows a Modelica model of this system that, on the surface,
lookslike it achievesthe desiredresult. Note that it hastwo modes,described by



conditional equations.In the non-broken mode, the position pos and velocity vel
of the massare calculated from the state variables phi and phid . In the broken
mode, pos and vel becomethe new state variables. This implies that state
information has to be transferred between the non-broken and broken mode.
Furthermore, the causality of the systemis dierent in the two modes. When
non-broken, the equation relating vel and pos is usedto compute vel from pos.
When broken, the situation is reversed.

Thesefacts make simulation hard. Somuch sothat Modelicadoesnot handle
theseequationscorrectly, becauseit forbids conditional equationswith dynamic
conditions. Thus, Broken is declaredto be a parameter, meaning that it will
remain constart during simulation. Therefore the model above does not really
solve the hybrid simulation problem at all! In order to actually model a pendulum
that dynamically breaksat somepoint in time, the model must be expressedn
someother way. The Modelica documenrtation suggestsa causal, block-oriented
formulation with explicit state transfer. Unsurprisingly, the result is considerably
more verbose, nullifying the advantage of working in a non-causallanguage.

Thus we seethat even quite simple examplesgo beyond the non-causalmod-
eling capabilities of one of the most advanced non-causal,hybrid modeling lan-
guagescurrently available. Moreover, even if Broken were allowed to be a dy-
namic variable, a fundamenrtal problem would remain: once the pendulum has
broken, it cannot becomewhole again. However, Modelica provides no way to
declaratively expressthe irr eversibility of this structural change.The best that
can be done is to capture this fact indirectly through a state machine model
and usethat to cortrol the value of Broken. But this makesthe resulting model
harder to understand, and it is alsodi cult for a simulator to exploit the fact
that a certain set of equationsand variables cannot be usedagain (to save mem-
ory and computational resources)since the simulator would have to infer this
fact from the state machine model.

3 Integrating Functional Programming and Non-Causal
Mo deling

In the previous sectionwe pointed out the advantagesof non-causalmodeling and
the importance of hybrid modeling. We also pointed out serious shortcomings
in current modeling languageswith respect to thesefeatures. In this section, we
describe a newway to combine non-causaland hybrid modeling techniquesthat
addressegheseissues.The two key ideasare to give rst-class status to relations
on signalsand to provide constructs for discrete switching betweenrelations. The
result is Hydra, a declarative, semarically coheren, functional hybrid modeling
languagecapable of represetting structurally dynamic systems.

3.1 First-Class Signal Relations

A signal is, conceptually, a function of time. A signal function mapsa stimulating
signal onto a responding signal; i.e., a signal function is just a (causal) block in



the terminology of block-oriented modeling languages.A natural mathematical
description of a cortinuous signal function is that of an ODE in explicit form.
Signal functions are rst-class ertities in Yampa: they have a type, they can be
bound to variables, they can be passedto and returned from functions. This is
the key to the tight integration of the discrete and cortin uous aspects of Yampa,
and is what makes Yampa uniquely exible asa languagefor hybrid modeling.

A function is just a special caseof the more general concept of a relation.
While functions usually are given a causalinterpretation, relations are inherenrtly
non-causal.DAEs, which are at the heart of hon-causalmodeling, expressdepen-
dencesamongsignalswithout imposinga causality on the signalsin the relation.
Thusit is natural to view the meaningof a DAE asa non-causalsignal relation,
just asthe meaning of an ODE in explicit form can be seenas a causal signal
function. Since signal functions and signal relations are closely connected, this
view o ers a cleanway of integrating non-causalmodeling into an Yampa-like
setting, which is the essenceof Hydra.

In the following, rst-class signal relations are made concreteby proposinga
(tentativ e) systemfor integrating them into a polymorphically typed functional
language. Signal functions are also useful, but sincethey are just relations with
explicit causality, we neednot considerthem in detail in the following.

Conceptually, we de ne the polymorphic type of signalsasS = Time'!

; that is, S is the type of a signal whose instantaneous value is of type
Howeer, signals only exist implicitly via signal functions and signal relations:
there is no syntactic ertity which hastype S . We then introduce the type

SR

for a relation on a signal of type S . Speci c relations usea more re ned type.
For example, for the derivative relation der we have the typing:

der :: SR(Real, Real)

where :: is the typing relation. Since a signal carrying pairs is isomorphic to a
pair of signals, we can understand der as a binary relation on two real-valued
signals.

Next we neednotation for de ning relations. The following construct, in spirit
analogousto a -abstraction, denotesa signal relation:

sigrel pattern where equations

The pattern introducessignal variables which at ead point in time are bound
to the instantaneous value (a \sample") of the corresponding signal. Thus, given
p :: t, we have:

sigrel pwhere ... :: SRt

Consequetly, the equationsexpressrelationships betweeninstantaneoussig-
nal values. This resenbles the standard notation for di erential equations in
mathematics. For example, considerx®= f (y), which meansthat the instanta-
neousvalue of the derivative of (the signal) x at every time instant is equal to
the value obtained by applying the function f to the instantaneousvalue of y.

We intro duce two styles of equations:



€= €
Sr e

where g are expressions(possibly intro ducing new signal variables), and sr is
an expressiondenoting a signal relation. We require equationsto be well-typed.
Given g :: tj, this is the casei t; = t, and sr :: SRts.

The rst kind of equation requires the values of the two expressionsto be
equal at all points in time. For example:

f(x) = a(y)

wheref and g are functions.

The secondkind allows an arbitrary relation to be usedto enforcea relation-
ship betweensignals.The symbol canbethought of asrelation application; the
result is a constraint which must hold at all times. The rst kind of equation is
a special caseof the secondin the following senseif taking the syntactic lib erty
to allow = to denotethe identit y relation (= :: SR(Real,Real)), one could write
f(x) = g(x) as

= (F(x);9(x)

For another example, considera di eren tial equation like x°= f (x; y). Using our
notation, this equation could be written:

der (x;f(x;y))

where der is the relation relating a signal to its derivative. For corvenience,a
notation closerto the mathematical tradition should be supported as well:

der (x) = f(x;y)

The meaningis exactly asin the rst version.

We illustrate our languageby modeling the electrical circuit from Fig. 1(a).
The type Pin is a record type describing an electrical connection. It has elds v
for voltage and i for current.®

twoPin :: SR(Pin, Pin, Voltage )

twoPin = sigrel (p;n;u) where
u=pv nv
pi+ni=0

resistor :: Resistance ! SR(Pin, Pin)

resistor(r) = sigrel (p;n) where
twoPin  (p;n; u)
rpi=u

5 The name Pin is perhaps a bit misleading sinceit just represeris a pair of physical
quantities, not a physical \pin componert”; i.e., Pin is the type of signal variables
rather than signal relations.



inductor :: Inductance ! SR(Pin, Pin)
inductor () = sigrel (p;n) where
twoPin  (p;n; u)
| der(p:ii)=u

capacitor :: Capacitance ! SR(Pin, Pin)
capacitor (c) = sigrel (p;n) where
twoPin  (p;n; u)
c der(u) = pii

As in Modelica, the resistor, inductor and capacitor modelsare de ned asexten-
sionsof the twoPin model. However, we accomplishthis directly with functional
abstraction rather than the Modelica class concept. With rst-class relations
we have a language that is both simpler and more expressie. Note how pa-
rameterized models are de ned through functions returning relations. Sincethe
parameters are normal function argumerts, not signal variables, their values
remain unchangedthroughout the lifetime of the returned relations.®

To assenble thesecomponerts into the full model, we will adopt a Modelica-
like connect -notation as a corveniert abbreviation for connection equations.
This is syntactic sugar which is expandedto proper connection equations, i.e.
equality constraints or sum-to-zeroequationsdepending on what kind of physical
quartit y is being connected.We assumethat a voltage sourcemodel vSourceAC
and a ground model ground are available in addition to the componert models
de ned above. Moreover, we are only interestedin the total current through the
circuit, and, asthere are no inputs, the model thus becomesa unary relation:

simpleCircuit :: SRCurrent

simpleCircuit = sigrel i where
resistor(1000) (rlp;rln)
resistor(2200) (r2p;r2n)
capacitor (0:00047) (cp;cn)
inductor (0:01) (Ip;In)
vSourceAC (12) (acp; acn)
ground gp
connect acp, rip, r2p
connect rln, cp
connect r2n, Ip
connect acn, cn, In, gp
i = rip:i + r2p:i

3.2 Mo deling Systems with Dynamic Structure

In order to describe structurally dynamic systemswe needto represemn an evolv-
ing structure. To this end, we introduce two Yampa-inspired switching con-
structs: the recurring switch and the progressing switch. The recurring switch

5 Compare to Modelica's parameter -variables mentioned in Sec.2.2.



allows repeated switching betweenequation groups. In contrast, the progressing
switch expresseghat onegroup of equations rst is in force, and then, once the
switching condition hasbeenful lled, another group, thusirreversibly progress-
ing to a new structural con guration. For either sort of switching, di cult issues
such as state transfer and proper initialization have to be considered.

We will revisit the breaking pendulum example from Sec.2.2 to illustrate
these switching constructs. To deal with initialization and state transfer, we in-
tro ducespecialinitialization equationsthat are only active at the time of switch-
ing, that is, during events and we allow sudch equationsto refer to the valuesof
signal variables just prior to the event through a special pre -construct devised
for that purpose.The initialization equations describe the initial conditions of
the DAE after a switch. Mathematically, these equations must yield an initial
value for every state variable in the new contin uous equations. It is important
that ead branch of a switch can be assaiated with its own initialization equa-
tions, since ead sudch branch may introduce its proper set of state variables.
Initialization equationstypically state continuity assumptions,asin the caseof
pos and vel below.’

First, considera direct transliteration of the equation part of the Modelica
model using a recurring switch. The necessaryinitialization equations have also
beenadded:

vel = der (pos)
switc h broken
when False then
init phi = pi=4
init phid = 0
pos= fl sin(phi); | cos(phi)g
phid = der (phi)
m | | der(phid)+ m g | sin(phi) = u
when True then
init vel = pre (vel)
init pos = pre (po9
m der(vel)= m f0; gg

A recurring switch has one or more when -branches. The idea is that the equa-
tions in a when -branch are in force whene\er the pattern after when (which
may bind variables) matches the value of the expressionafter switc h. Thus,
whenewer that value changes,we have an event and a switch occurs (this is
similar to case in a functional language).

To expressthe fact that the pendulum cannot becomewhole once it has
broken, we re ne the model by changingto a progressingswitch:

vel = der (pos)

7 Since Modelica does not support hybrid models where the set of state variables
changes,it doesnot provide any declarative constructs for relating the states across
modes. However, it doesprovide an essettially imp erative construct for reinitializing
individual state variables.



switc h broken
rst

once True then

A progressingswitch has one rst -branch and one or more once-branches.
Initially , the equationsin the rst -branch are in force, but as soon asthe value
of the expressionafter switc h matchesone of the once-patterns, a switch occurs
to the equationsin the corresponding branch, after which no further switching
occurs (for that particular instance of the switch).

By combining recursively-de ned relations and progressing switches, it is
possibleto expressvery generalsequence®f structural changesover time, from
simple mode transitions to making and breaking of connectionsbhetweenobjects.
A simple example of a recursively de ned relation parameterizedon a discrete
state variable n is showvn below. Initially , the relation behavesaccordingto the
equationsin the rst -branch, which may depend on n. Whenewer the switching
condition is ful lled, the relation switchesto a new instance of itself with the
parameter n increasedby one. In functional parlance, this is a form of tail call.

sysWithCntr :: Int ! SR(Real, Real)
sysWithCntr (n) = sigrel (x;y) where
switc h ...
rst

once ... then
sysWithCntr (n + 1) (x;y)

Yampa supports even more radical structural changes,including dynamic addi-
tion and deletion of objects [14]. We hopeto carry over much of that functionality
to Hydra aswell.

4 Implemen tation Issues

There are a number of signi cant challengesthat must be addressedin an im-
plemenrtation of a languagelike Hydra. The primary issuesare ensuring model
correctness, simulation in the presenceof dynamic mode changes,and mode
initialization. The static and dynamic semarics of the language must also be
worked out in detail. The dynamic semartics are bestdescribed using a reference
implemertation asan enbeddingin a functional languagesuc asHaskell. Good
surfacesyntax is alsoimportant and can be provided through a pre-processor.
It is critical that dynamic changesin the model should should not weaken
the static chedking of the model, i.e. we want to ensure compositional correct-
ness Using a Haskell-like polymorphic type system,asin FRP, ensuresthat the
systemintegrity is presened. In addition we would liketo nd at least necessary
conditions for statically ensuring that causality analysis can always be carried



out, that the equations at least could have a solution, and so on, regardlessof
how relations are composeddynamically. An example of a necessarybut not suf-
cient condition is that the number of equationsand number of variables agree,
and that ead variable can be paired with one equation. Sinceit will be neces-
sary to keeptrack of the balancebetweenequationsand variables acrossrelation

boundaries, it is natural to integrate this aspect into the type system. Similar

considerations apply to the number of initialization equations and continuous
state variables. Recert work on dependert typesis relevant here [21]. We also
aim at extending the type systemto handle physical dimensions|[7].

In a structurally dynamic language,it will be impossibleto identify all pos-
sible operating modesand then factor them out as separatesystems.We intend
to generatethe modes dynamically during simulation. In non-causalmodeling,
that implies that causality analysis and the prerequisite symbolic processing
hasto be performed whenewer mode switchesoccur during simulation. The hy-
brid bond graph simulator HyBrSim has demonstrated the feasibility of this
approad, and that it indeedallows somedi cult caseso be handled [13]. How-
ever, HyBrSim is an interpreted system. Simulation is thus sloved down both
by occasional symbolic processingand by the interpretive overhead. To avoid
interpretiv e overhead, we intend to leveragerecert work on run-time code gen-
eration, such as "C [6] or Cyclone [19]. We will needto adapt the sophisticated
mathematical techniquesusedin existing non-causalmodeling languages[15,4,
5] to this setting. In part, it may be possibleto do this systematically by staging
the existing algorithms in a languagelike Cyclone.

Whenewer a switch occurs, a new, global, \ attened” DAE hasto be gen-
erated. This DAE is what governs the overall cortinuous system behavior until
the next discreteevert. It is obtained by rst carrying out the necessarydiscrete
processing.This amounts to standard functional evaluation, including evalua-
tion of the relational expressionsin the equationsthat areto be active after the
switch. The evaluation of relational expressionis what createsnew instances of
relations, and carrying out the instantiation dynamically when switching occurs
is what enablesmodeling of truly structurally dynamic systems.Once the new
attened DAE hasbeengenerated,it is subjected to causality analysisand other
symbolic manipulations in preparation for simulation using suitable numerical
methods [15,4,5]. The result is causal simulation code (a sequenceof \assign-
mernt statemerts"), which should be compiled dynamically for better e ciency .

The initial conditions of the (new) di erential equationsmust be determined
on transitions from one mode to another. However, arriving at consisten initial
conditions is, in general, hard. Some state variables in the corntinuous part of
the systemmay exhibit discortinuities at the time of switching while others will
not: simply preservingthe old value is not always the right solution. Structural
changescould changethe set of state variables, and the relationship betweenthe
new and old states may be dicult to determine. One approad is to require
the modeler to provide a function that maps the old state to the new one for
ead possiblemode transition [1]. Howewer, the declarative formulation of non-
causalmodels meansthat the simulator sometimeshas a choice regarding which



continuous variables should be treated as state variables. Requiring the userto
provide a state mapping function is therefore not always reasonable.

A key to the succesof HyBrSim is that bond graphs are basedon physical
notions such asenergyand energy exchange,which are subject to cortin uity and
consenation principles. We intend to generalizethis idea by exploring the useof
declarations for stating such principles, along the lines illustrated in Sec.3.2. It
may also be possibleto infer continuity and consenation constraints automati-
cally basedon physical dimensiontypes.

Nevertheless, particularly when dealing with systemswith highly dynamic
structure, manual intervertion may be necessary In our work on Yampa, we
have developed high-level mechanismsthat exploit the rst-class status of signal
functions to give the user ne cortrol over state transfer acrossmode switches
[14]. We hope to generalizethese results to signal relations and a non-causal
setting in Hydra.

5 Conclusions

Hybrid modeling is adomain in which the techniquesof declarative programming
languageshave the potential to greatly advancethe state of the art. The model-
ing community hastraditionally beenconcernedmore with the mathematics of
modeling than languageissues.As a result, presert modeling languagesdo not
scalein a number of ways, particularly in hybrid systemsthat undergosigni cant
structural changes.Hydra usesfunctional programming techniquesto describe
dynamically changing systemsin a way that presernesthe non-causalstructure
of the systemspeci cation and allows arbitrary switching amongmodes,yielding
expressie power beyond current non-causalmodeling languages.

Although we have not completed an implemertation of Hydra, this paper
demonstratesour basic designapproac and mapsout the designlandscape. We
expect that further researd into the links between declarative languagesand
hybrid modeling will produce signi cant advancesin this eld.
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