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ABSTRACT

Declarative modeling frameworks, such as Modelica, are
often used to represent systems that require reusable and inter-
operable models. Simulation in such a framework requires a
solver that is capable of transforming the model into an exe-
cutable process. However, most declarative solvers are insular,
in that they are unable to integrate with software applications
needed for simulating complex systems, limiting their usability
for simulating multi-domain models. This paper describes a pro-
cess for creating declarative models that can integrate with an
external tool by deconstructing its Application Programmer In-
terface (API) into a set of functions arranged into a constraint
hypergraph. The constraint hypergraph’s solver is shown to be
capable of automatically parsing these functions to simulate arbi-
trary pairs of inputs and outputs. The result is a holistic modeling
[framework that allows for flexible simulation of a complex system,
integrates directly with otherwise sequestered platforms, and re-
veals cross-cutting interactions between system elements. This
is demonstrated by integrating the solid modeling capabilities
of Onshape with a dynamic model of a crankshaft from a pis-
ton engine, showing how a geometric model can be integrated
with independently-defined dynamic models. This validates the
framework on a limited scale, setting the foundation for work for
fully integrating disparate tools into multi-domain, multi-physics
modeling and simulation.

Keywords: Simulation/Physics Based Modeling, Computer-
Aided Design (CAD), CAD/Features Technology, Design Au-
tomation, Systems Engineering

1. INTRODUCTION

Modeling a complex system is a difficult task—a trivial obser-
vation of a non-trivial problem. Engineers must synthesize the
coupled effects of hundreds or thousands of different parameters,
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reconcile disharmonious experimental observations, and handle
the uncertainty glowering over every assumed fact. Adding to this
is the work of integrating the isolated software tools that perform
the required high-fidelity, multi-physics calculations of modern
simulation [1]. Traditional system modeling frameworks create
simulations by defining exact workflows that prescribe the or-
der in which information should be passed between applications.
This results in simulations that only present one perspective of the
base system—a singular description of how a system can behave.

In contrast to the inflexibility of procedural simulation, this
paper discusses a declarative framework for systems modeling
and simulation, previously introduced in [2]. Termed a constraint
hypergraph (CHG), this framework reduces a system to a set of
state variables related by mathematical functions. Each function
shows how one variable evolves in response to changes in other
variables, in effect mapping a set of inputs to an output. A
modeler identifies which tools are to be used for calculating these
rules; for example, using a geometric modeling tool to calculate
the mass of a solid body.

The collection of variables connected by functions forms a
hypergraph, whose paths correspond to valid mappings between
inputs and outputs. While a traditional simulation framework de-
fines a single process for simulating an unknown value, the CHG
defines all known processes as a cohesive model. These processes
can be extracted for any connected pairing of input and output
nodes, with the functions connecting them describing the series
of calculations composing the simulation. CHGs additionally
provide mechanisms allowing for the autonomous construction
of a simulation process, providing far greater flexibility and in-
teroperability when modeling and simulating complex systems.

The objective of this paper is to describe how CHGs can be
used to integrate independent simulation software into a unified,
declarative system model. When using a CHG the mechanisms of
integration remain unchanged from standard methods, primarily
involving calls of the Application-Programmer Interface (API)
[3]. Instead of proposing an updated interface between models
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and software, CHGs describe how software can be reconciled
into a single, strongly-coupled model. These declarative models
allow modelers to focus on how a system behaves rather than how
it will be simulated.

These claims are demonstrated by integrating a solid model
of the crankshaft with a representation of the dynamics of a piston
engine. The system model unifies aspects of the crankshafts dy-
namic behavior with the mass properties defined by its geometry.
A solid body model is generated by coupling the model with On-
shape, a cloud-based Computer-Aided Design (CAD) platform.
The system model allows for full generation of the solid-body
model for a variety of different inputs. It also uses Onshape
to reveal the cross-cutting behavioral interactions between the
crankshaft’s mass and kinematic motion. To the authors’ knowl-
edge, this is the first time a fully declarative modeling framework
has been used to integrate CAD applications in system simula-
tion. To better focus on this integration, the authors have em-
ployed models of a piston engine that vary in their validity and
base assumptions. By so doing the authors have attempted to
demonstrate the methods of declarative system integration using
a CHG, rather than document the practical characterization of a
slider-crank mechanism.

2. REVIEW OF SYSTEM MODELING AND SIMULATION

A system is an arrangement of things, such that the things
exhibit some specific behavior [4]. The work of an engineer or
decision-maker in any field is to provide a system whose behavior
achieves a specific value-adding objective [5]. Similarly, the goal
of a scientist is to characterize the behavior of the complex, inter-
connected system that is the universe [6]. From both cases it can
be seen that nearly all human operations require some method for
understanding the behavior of a system [7], which is referred to
here as a model without digressing into the ontological definitions
of modeling. Whether a model is a simplified analog or infor-
mational structure, its purpose is to enable a user to understand a
more complex system [8].

2.1. System Modeling

What makes a plurality of things a system is their interactions
[9]. Asafoil for considering the nature of these relations, consider
initially a group of things that do not interact. In such a collection,
the behavior of each individual thing is independent of the rest
of the group. Consequently, the rest of the group is not needed
to understand the behavior of any individual thing, and can be
ignored. This motivates the definition of a system as things that
interact: ignoring any individual thing in the system prevents
a modeler from understanding the behavior of the system as a
whole. From this it can be understood that the behavior of a
system is a characterization of how all the individual things, or
elements, in the system effect each other.

To describe all the interactions of a system, a modeler must
first have some sense for what it means for an element to be
affected. The evolutions of an element occur over some phe-
nomenon that is exhibited by the element and identified by an
observer. By assigning unique values to the phenomenon, an
observer can distinguish between changes in the element [10].

Knowing, for example, the difference between something rotat-
ing or not-rotating allows an observer to distinguish how running
a piston engine influences the state of the crank shaft. The set of
all values that an element might exhibit for a certain phenomenon
is a variable. A system can be entirely characterized by identify-
ing a specific datum for every variable associated with the system
[11]. All the values expressed concurrently comprise a system’s
state, with the system interactions describing the evolutions of a
system’s state between distinct frames of consideration.

The evolution of a system’s state constitutes the system’s
behavior [12]. This was defined by Willems, who showed that
system behavior can be represented as a set of constraints describ-
ing the affect the state of a system has on a single variable [13].
Each constraint can be described by a function mapping between
two sets: one set corresponding to the variable being affected,
and another of the values affecting it [ 14] (the word function here
is denotes a mathematical morphism [15] rather than a role of a
system as used in design theory [16]). Comparing this with the
original definition of a system, it can be said that to describe a
system, a model must be able to express all the variables com-
prising the system’s state, as well as the functions that describe
how those variables are related.

2.2. System Simulation

The whole purpose of system modeling is to allow infor-
mation contained in a model to be extracted and used by some
agent [7]. This is generally referred to as simulation, with an
objective of identifying the value of at least one state variable
without needing to observe the variable through experimentation
[17]. In practice, this can be achieved only because the functions
defining the system behavior constrain the variables being simu-
lated. Consequently, simulation is explicitly the process of using
functions to calculate the value of an unknown variable, creating
a computable chain (or trace [18]) connecting some known inputs
to the unknown outputs [19, 20].

For instance, consider the following kinematic model of a
slider-crank mechanism:

2421
6 = cos”! (—y ZyLlC S) (D
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do
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dy
c_dy 4
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where y is the distance of the tip of slider from the center of
rotation, 6 is the angle of rotation of the crank, and I and [ are
the lengths of the slider and crank arms respectively, as shown in
Figure 1. The velocities of the system y and w are the derivatives
of y and 6. This model is expressed as a set of equations, not
functions. For simulation to occur, an agent must manipulate the
model to discover a chain of functions mapping inputs to outputs.
For instance, if w was given as a constant value, then y could be
solved for by calculating the following functions:
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flw) — 0= J wdt (5)

2(0,1.,15) =y :=1.cos0++JI2 12 sin® 6 (6)

Because the domain of g is given by the codomain of f (and inputs
I and [y), y can be calculated as the composition of functions
g o f(w). This demonstrates how simulation is accomplished by
identifying a chain of functions mapping a set of known inputs
to the desired outputs. In this paper, these chains of composed
functions are referred to as simulation processes [21].

FIGURE 1: KINEMATIC DIAGRAM OF A SLIDER-CRANK MECHA-
NISM.

Though there are many mechanisms for constructing simula-
tion processes [22], several modeling frameworks (or formalisms
[23, 24]) employ similar strategies, affecting how they can be
simulated. One such strategy is often referred to as procedural
modeling, where models describe only the steps pertaining to a
single simulation process rather than the full behavior of the un-
derlying system. These are also termed imperative models, since
each expression in the model is a command for how to advance
the simulation [25]. Imperative models provide a black-box rep-
resentation of a system, one that hides the system behavior inside
an opaque process that only connects at its beginning and end
[26].

Other modeling frameworks do not prescribe a specific simu-
lation process, but allow for different processes to be constructed
by interpreting the model structure. These frameworks are known
as declarative, in that they declare the system’s structure, leav-
ing the work of assembling simulation processes to a separate
mechanism [27, 28]. Equations (1-4) are declarative, with the
simulation functions specified in Egs. (5) and (6) generated by an
independent agent (in this case a human). Another example of a
declarative model is a map, which shows all possible routes be-
tween cities. This is contrasted with an imperative model, which
would only describe the steps for traveling between two cities.

Declarative models expand the degree of a system that can be
simulated. This is not to say that imperative models are limited
from a system’s scope; both paradigms allow for every state vari-
able to simulated in a simulation. Rather, this statement describes
the amount of orders permitted by the modeling framework. An
imperative model can only convey a single ordering of behav-
ioral functions. This is demonstrated by the imperative model
of a slider-crank mechanism written in MATLAB and shown in
Block 1:

Block 1: Imperative model of a slider-crank, with omega as an
input.

% Inputs
l_c = 30;
l_s = 100;

timestep = 0.01;
time = @:timestep:4;
omega = 2%pi;

% Simulation process
theta = zeros(size(time));
for i = 2:length(time)
theta(i) = theta(i-1) + omega * timestep;
end

y = arrayfun(@(th) piston_height(th,l_c,l_s), theta);

function y = piston_height(th, 1_c, 1l_s)
y = l_c * cos(th) + sqrt(l_s*2 - 1l_c*2 * sin(th)"2);
end

The model in Block 1 represents a single ordering of the
model. The simulation depends on an initial input of w. If a
different input were given, say y instead of w, then the model
would need to be completely rewritten. This is shown in Block 2,
where the model connects an input of y to solve for 6:

Block 2: Imperative model of a slider-crank, with y as an input.

% Inputs
l_c = 30;
l_s = 100;

timestep = 0.01;
time = Q:timestep:4;
y = l_cxcos(timex10) + l_s;

% Simulation process
ydot = zeros(size(time));
for i = 2:length(time)
ydot(i) = (y(i) - y(i-1)) / timestep;
end

th = arrayfun(@(y, ydot) crank_pos(y,ydot,l_c,l_s), y, ydot);

function th = crank_pos(y, ydot, l_c, l_s)
th = acos((y*2 + l_c*2 - 1_s"2) / (2*y*l_c));
if ydot > @ %Correct arccos domain
th = -th;
end
end

These two models in Blocks 1 and 2 represent the same
system with the same behavior, and yet are veritably incompatible.
This is the quandary of imperative modeling: because imperative
models are not interoperable, a modeler must specify a unique
process by which the system is to be simulated for each pairing
of input and output. This number is often impractically high.
For a system with n state variables, the maximum number of
input/output pairings is given by:

n—1
N
i) ( ) )
_ i
i=1

The number of possible simulations is actually higher since each
input/output can be connected by different orderings of behavioral
functions—each representing a unique simulation process. The
resulting upper bound for simulations is actually infinite, though
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in practice most input/output pairings have singular simulation
processes linking them. Regardless, the number of processes that
must be defined to fully simulate a system grows exponentially
as the complexity of the system increases. This limits imperative
frameworks to either simple systems (with few state variables)
or to be used with the expectation that only a small subset of
behavioral interactions will be represented by the simulation [25].

3. SIMULATION VIA CONSTRAINT HYPERGRAPHS

Declarative frameworks are motivated by a need to fully sim-
ulate complex systems, so that all system behaviors are accounted
for. A review of how declarative frameworks contrast with imper-
ative paradigms was given previously in [29]. This paper builds
upon this review by demonstrating CHGs, a specific declarative
formalism introduced in [2].

3.1. Overview of Constraint Hypegraphs

A CHG represents a system as a graph, with nodes corre-
sponding to system variables and edges representing the func-
tions that relate them. A CHG is a hypergraph because system
functions are often multiple-arity. Variants of CHGs have been
employed under various names such as model graphs [30, 31], or
categorical sheaves [32, 33]. If the edges of a CHG are limited
to unary functions then a CHG becomes similar to a Bayesian
network in the sense employed in [34]. A CHG for the kinematic
model of the slider-crank given in Blocks 1 and 2 is shown in
Figure 2, with variables as circular nodes and the functions of
each hyperedge given in the black boxes.

FIGURE 2: CHG MODEL OF SLIDER-CRANK KINEMATICS, WITH f;
AND £, GIVEN BY EQS. (1) AND (2).

CHGs are particularly adept at handling multi-domain, multi-
physics simulations. By representing a system as a set of variables
connected by functions, the holistic CHG explicitly captures both
the system’s state and behavior. While CHGs are not well-attuned
for describing systems (visually CHGs tend to be busy and diffi-
cult to interpret), the decomposition of a system into independent
functions allows for automatic construction of simulation pro-
cesses. Specific simulations of the systems are then construed
as paths through the graph, connecting the nodes representing
known inputs to the nodes corresponding to the desired outputs.
This is shown in Figure 3, depicting two different paths drawn
through the CHG from Figure 2 representing the simulation pro-
cess given in Blocks 1 and 2. Each simulation process starts from
a set of inputs (bolded in the figure) and ends on a set of outputs

(blue outlines). Because of the multidimensional aspect of the
aspects, a path through a hypergraph can be represented as a tree,
with the inputs as leaves and a single output as the root, as shown
in Figure 4.

FIGURE 3: CHG FROM FIGURE 2 SHOWING THE TWO SIMULATION
PROCESSES IMPERATIVELY GIVEN BY BLOCKS 1 (LEFT) AND 2
(RIGHT) AS PATHS THROUGH THE GRAPH CONNECTING INPUTS
(BOLDED OUTLINE) WITH OUTPUTS (BLUE OUTLINE).

FIGURE 4: PATHS THROUGH THE CHGS SHOWN IN FIGURE 3
SHOWN AS TREES, WITH A UNIQUE TREE FOR EACH OUTPUT.

The reason simulation processes can be formed automati-
cally is due to the composition of functions. A function maps
every element of its domain to its codomain. Consequently, two
functions whose codomain and domain overlap are guaranteed
to compose for all values of the first functions domain. A sim-
ulation process is then formed by chaining together consecutive
edges into a chain of composing functions where the domain of
the first function in the sequence is an input to the simulation, and
the codomain of the last function is the desired output. Because
of the structure imposed by the CHG formalism, these sequences
can be automatically compiled by a pathfinding algorithm such
as A* or a Depth-First Search. This capability for autonomous
simulation construction makes CHGs purely declarative.

In addition to its declarative nature, a CHG also enables
system simulation through its generality. The difficulty in es-
tablishing an engine for autonomously forming simulation pro-
cesses means that most declarative languages are restricted to
a singular domain. Bond graphs, for instance, can be used for
arbitrary simulation of the energy-like entities in dynamic sys-
tems [35], but cannot query a relational database management
system (RDBMS). Modelica’s solver similarly solves differential
equations [36], but is not used to construct geometric models
despite its goal of multi-domain system modeling [37]. SysML
was intended as a general modeling language for all systems, but
has struggled to be adopted for hybrid simulation [38, 39]. This
is not to limit the usefulness of these languages; it might even
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be said that the usefulness of each comes from specialization for
a specific domain [40]. This is contrasted with CHGs, which
are not specialized for any particular domain, but rather system
simulation in general. Rather than representing specific subsys-
tems, CHGs break down a system into its primitive constituents:
the state variables, and the relationships between those variables
(represented as functions). As a result, CHGs can (in theory)
represent any possible system, such that a model of a system
expressed in any framework can be reconfigured as a CHG. In
this a CHG maximizes the very essence of a system: generality
[41]. The drawback is that CHGs do not provide formal aids to
modelers, in the same way that the rigidity of a circuit diagram,
for instance, helps guide a modeler to a suitable representation of
an electronic circuit.

3.2. Integration with Other Applications

Most multi-domain simulations require integration with soft-
ware tools optimized for the domains expressed in the model. The
insular nature of most software tools often limits their ability to
connect with other modeling agents. The most egregious forms
of insulation result in model silos, where information is not ex-
changed [42]. Methods of breaking down silos and integrating
models are often imperative [3, 43, 44], often indicated when
coupling is described by a flowchart or workflow. Imperatively
coupled models establish processes by which different software
subsystems may exchange messages [45]. This is a hallmark of
encapsulation, where a subsystem has a local state that is dis-
tinct and unaffected by the global program [46]. Encapsulated,
imperatively-coupled simulations can still be highly useful-as
evidenced by recent usage of the Functional-Mockup Interface
[47, 48]—yet lack the ability to fully simulate a system, as demon-
strated in Section 3 and discussed further in [29].

Declarative model integration requires a reframing of how
inter-tool simulation is understood. Instead of framing simulation
in terms of passing information to software tools, multi-domain
simulation should instead been seen as using tools to process
relationships. The former viewpoint is imperative, with the tool
forming a step in a simulation procedure. The latter is more
aligned with a function-based understanding of a system: rather
than defining steps, tools are identified as being able to map cer-
tain inputs to outputs. A declarative solver can then select the
tools needed for a specific simulation process. In other words,
there should be some tool capable of calculating each functional
relationship in a system. A declarative solver calls these tools
when the function they are associated with forms a part of a
simulation process. The solver passes to the tool the function
inputs and receives in return the calculated output. In Modelica
(a declarative solver) these tools are native to the platform. How-
ever, by identifying functions of an interfacing tool via an API, a
declarative model such as a CHG can perform calculations using
external tools.

This is readily apparent with basic algebra. The system
shown in Figure 2 needs a solver that can perform arithmetic op-
erations, trigonometry, and integration and differentiation. Ex-
ecution of a simulation process, such as either process shown
in Figure 3, could be performed with any tool providing these
capabilities—such as a human agent equipped with a scientific

calculator. A CHG solver might also choose to call a specific
tool to provide additional capability, such as a modeler utilizing
MATLAB’s suite of Runge-Kutta algorithms for performing nu-
merical integration. To do so the modeler must indicate that the
rule for calculating the integration functions in Figure 2 should be
executed using MATLAB. If the solver encounters the integration
function while constructing a simulation path, it can then auto-
matically pass the inputs of the current sequence to MATLAB
(through its API). The output of the calculated function are then
returned to the solver, which matches them with the next function
in the sequence.

By treating software as a calculation tool, rather than an in-
formation handler, models can be solved declaratively. The claim
of this paper is that coupling systems along a system’s behavioral
functions allows for an automatic method of performing inter-
tool simulation. This is especially true as systems change. If the
scope of the kinematic model simulated in Block 1 changed, for
instance by including masses for the two arms, then the model
would need to be rewritten. Additionally, any imperative cou-
pling between software would need to be rewritten, since new
information would now need to be passed between the applica-
tions. This demonstrates the incredible fragility of imperatively
coupled systems: they are entirely dependent upon the scope of
the system they represent. This is contrasted with a CHG, for
which the system representation is entirely independent of the
calculation performed by the tool. In other words, which nodes
are present in a CHG model and how they are connected does
not influence the ability for the solver to call an external software
tool—function calculation is independent of the system’s scope.

Providing robust models for systems in flux (which, to a cer-
tain extent, includes all systems [49]) is one of the most challeng-
ing aspects of model-based engineering [50-52]. While CHGs
do not answer every issue for interoperability, for instance, they
do not provide mechanisms for syntactic interoperability [53],
the authors find they address many of the thorny issues of soft-
ware integration. These include simulating all parts of a system,
redefining a system without having to rewrite all inter-tool con-
nections, and the ability to connect with other systems without
loss of meaning.

4. MULTI-DOMAIN MODELING OF CRANKSHAFT

These claims are demonstrated through simulating a multi-
physics model of a crankshaft with form as given in Figures 5
and 6, with parameters explained in Table 1. This model ex-
tends the simple kinematic system shown in Figure 2, with the
crankshaft corresponding to the crank arm of the slider-crank
mechanism. The kinematic model contained only eight state
variables, the expanded model represents a system with a com-
plexity several orders of magnitude greater. Representing this
system as a CHG illustrates how the issues of inter-tool interoper-
ability are addressed by the declarative framework. The example
involves a case where an engine designer needs to know the mass
moment of inertia J. of the crankshaft, for instance to calculate
the input power necessary for the crankshaft to accelerate to a
specified rotational velocity in a given time. While the kinematic
relationships given in Egs. (1)—(4) still hold true, the addition of
mass requires a more detailed model of the crankshaft.
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FIGURE 5: IMAGE OF THE MODELED CRANKSHAFT.

TABLE 1: GEOMETRIC PARAMETERS FOR CRANKSHAFT

Symbol  Description Units
Q¢ Diameter of crankshaft mm
Qew Diameter of counterweight on web mm

@web Diameter of web (about crank pin) mm
Qr Diameter of crank pin mm
le Throw length (crankshaft centerline mm
to crank pin)
We Width of crankshaft journal surface mm
Wy Width of crank pin surface mm
Wyweb Width of crank web mm
V¥1,...%a Angle of crank pin to vertical when rad
first piston is TDC
Je Moment of inertia for crankshaft kg mm?

4.1. Model Integration

J. becomes increasingly difficult to compute algebraically as
the geometry becomes more specialized. The common alterna-
tive is to use solid modeling software, which can readily compute
moments of inertia by taking advantage of a point-based repre-
sentation of a solid body. A major advantage of employing a
CAD platform to calculate J,. is that any change to the physics of
the crankshaft (such as adding machining features, new materi-
als, keys, lubrication passages, etc.) will correspondingly update
J.. Providing a function in a CHG for calculating J. using a
CAD platform enables a true-model centric form of model-based
engineering, where every value used by a decision-maker is rep-
resented by a single-node, and all the models for calculating or
updating that node are given as paths in the CHG. This includes
values that might be used in technical drawings, engineering
analyses, or manufacturing data; all information and generating
models corresponding to the piston engine could theoretically be
captured in the CHG, providing the full integration of the dis-
parate software into a model-based platform. However, this more
limited case study explores only how CAD software can be inte-
grated with a dynamic model solver. The CHG for this integration
is shown in Figure 7, though only covering a portion of the graph
due to the scale of the system. The development process follows
that given in Figure 2: represent each system variable as a node,
then relate nodes to each other through multidimensional edges
representing functions.

In addition to the diagrams shown in the section, the actual

Wyeb W,

Qweb

Dew \ |

9

c

FIGURE 6: GEOMETRIC PARAMETERS FOR THE CRANKSHAFT,
AS DESCRIBED IN TABLE 1, WITH THE INITIAL MAIN BEARING
SURFACE BUILT IN FIGURE 7 SHADED IN GRAY.

model is written in the Python programming language.! The
declarative engine that solves the model is the open-source pack-
age ConstraintHg [54], which employs a breadth-first search al-
gorithm to find relevant simulation paths connecting a pair of
inputs to an output. ConstraintHg, written by the authors, is still
in development. Although its performance is sufficient for its
use in this study, its interface and execution speed are still being
improved. As such, this paper focuses on the theoretical power
related by integrating systems via a CHG, rather than character-
izing the algorithms employed in executing such a system, which
will be focused on in latter works.

4.2. Process

To form the CHG, a modeler first identifies the values of
the system that can be represented. Each of these is represented
by a node in the CHG. The most readily identifiable nodes are
the geometric parameters given in Table 1. Other values include
the variables needed to construct the body in a CAD applica-
tion, such as planes of reference, boundary types, and geomet-
ric constraints. Finally, the hypergraph must include the actual
values required by the API, including feature identifiers, access
tokens, URIs (Uniform Resource Indicators), and HTTP (Hyper-
Text Transfer Protocol) calls. The inclusion of these later nodes
allow the declarative solver to autonomously handle client-server
interactions—often a messy part of functional languages [55]. A
partial CHG with these nodes included is shown in Figure 7.

Each of these values are connected in the hypergraph by
functions that determine their value. Many of these functions will
be algebraic, such as determining the total length of the crankshaft
by summing the length of its individual sections. Others will
need to be calculated by the CAD application. In this study the
solid body model of the crankshaft is assembled in Onshape, a
cloud-based CAD application offering an established API [56].

IFull scripts are provided under the MIT license at https:/github.com/jmor-
ris335/tool-interoperability-scripts/.
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FIGURE 7: CHG SHOWING HOW THE MAIN BEARING OF THE CRANKSHAFT (SHOWN AS SHADED IN FIGURE 6) CAN BE MODELED IN
ONSHAPE, MAPPING PARAMETERS IN THE TOP LEFT TO THE SHAFT'S MOMENT OF INERTIA IN THE BOTTOM RIGHT. NOTE THAT THE

API CALLS ARE DIRECTLY INTEGRATED INTO THE MODEL.

Onshape was chosen for its general availability as well as to
demonstrate how CHGs can facilitate HTTP (HyperText Transfer
Protocol) connections. It’s worth restating an important point
here: the use of a CHG is not innovative because it changes
the mechanism by which software integration occurs—the method
of interfacing with Onshape is still through its defined API calls.
Instead, the innovation is on how that mechanism is structured into
the system representation. CHGs enable a system model to fully
capture system behavior, as opposed to just system operations.
Wrapping the API calls into model functions shows how the
behavior of the system is simulated by the interfacing software.

Once the CHG has been constructed, simulation is performed
by calling the CHG’s solver. In this case, the solver takes as
its parameters the inputs to the system and the desired output
to be simulated. This is called in a single line, as is typical
in declarative models. The solver then takes the constructed
CHG and performs a breadth-first search for a route in the graph
connecting the nodes corresponding to the inputs and output.
This route is then automatically processed by calculating each
sequential function comprising the path. Algebraic functions
will be calculated by calls to the Python interpreter, while CAD
functions will be passed to Onshape by the wrapped API, as
shown in Figure 7.

5. DISCUSSION

Perhaps the most difficult part of using CHGs to integrate
models is discovering the functional relationships between model
parameters. In a graphical solid modeling environment, such as

using Onshape through its browser-based client, a modeler only
needs to specify a single chain of parameter relationships. The re-
sulting CAD model is imperatively defined, taking a set of defined
inputs and mapping them to the final body. Contrast this with
a declarative model, which must provide translations between
multiple pairings of inputs and outputs. To accomplish this, the
relationships of the procedural definition must be generalized and
new functions defined—an often laborious process.

For example, each main journal on the crankshaft is defined
to be concentrically aligned with each other. Animperative model
might establish this relationship by making the center of each
journal equal to the journal defined before it. The modeling kernel
must consequently process the first journal before calculating
the placement of the subsequent cylindrical sections. But the
behavior of the crankshaft requires no such explicit ordering, only
that the journals are all concentrically aligned. The procedural
definition can be expanded to capture this more general behavior
by modeling the journal centers in a CHG, as shown in Figure 8.
To do so, additional relationships must be added between all the
center points, not just a singular one as in the procedural case.
The resulting subgraph is fully connected (or complete), implying
the centers of all journals can be calculated if any one of them
is provided as an input. This is true regardless of the order in
which the journals are solved for. This simple case of concentric
shafts is indicative of declarative modeling. By expressing how
all variables are related, the CHG better captures the behavior of
the crankshaft, at the expense of needing additional relationships
to be defined by the modeler.
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FIGURE 8: DECLARATIVE REPRESENTATION FOR HORIZONTAL
LOCATION OF MAIN JOURNALS ON CRANKSHAFT AS A CHG
WHERE ALL EDGES INDICATE EQUIVALENCY.

The effort of decomposing Onshape’s API into composable
functions results in a declarative language for solid modeling.
This language is purely a wrapper, with its symbols comprised of
the actual API calls and syntax provided by the modeler. While
other declarative languages for solid modeling have been pro-
posed before [57], wrapping the existing interface better takes
advantage of the functionality provided by the software. On-
shape uses the Parasolid modeling kernel to construct geometries
procedurally. But by abstracting out the functions of Onshape’s
API, the CHG solver can rearrange operations as needed to com-
pose the eventual model geometry. This converts a traditionally
imperative process into a declarative one, so any CAD model
constructed from the singular CHG could possess a unique, yet
consistent feature tree.

The consistency of the CHG model must be ensured by the
modeler. For instance, a Boolean union operation cannot be
applied to a single body. Any edge in a CHG representing this
operation must be provided with inputs corresponding to the
multiple bodies to be combined. This is enforced by the modeler,
whose task is to define the domain and codomain of each function
in the CHG. This, in many aspects, summarizes the work of
modeling a system: the arrangement of functions showing how
certain variables influence other variables.

The advantage of using a CHG is not eliminating the labor of
modeling a system. Rather, it is that this effort is fully captured
when composing simulations, rather than being limited to a sin-
gle, procedural interpretation. A declarative language provides
more efficient translation from a real system to the constructions
created to represent it. While traditional model integration at-
tempts relies on procedural calls along established API scripts
[3], a CHG allows for arbitrary cosimulation of a system. One
economic consideration is that effort invested into developing
models yields far greater returns with the declarative models of
a CHG, which can be reused as many times, and in as many
ways, as required by the organization [58]. The mechanisms
for model composability can also drive distributed simulation,
yielding benefits for execution time and resource management
[18, 58].

5.1. Limitations

CHGs are considered to be closed-world, that is, the CHG
assumes that nothing exists except that which declared in the
model. This stems from how CHGs capture information gener-
ally: because all information in the system can be related within a
CHGQG, it does not make sense to prescribe additional information
external to a CHG’s scope. Though a CHG’s connectedness is
certainly one of its strengths, the resulting closed-world frame-

work can mask the inconsistencies between the CHG and the real
world system it approximates. For example, a force applied to
the crankshaft could be modeled as being related to the acceler-
ations of the piston heads. Though capturing a significant part
of the crankshaft’s behavior, the model implies that the pistons
are the only applied load on the crankshaft. This assumption is
implicitly given by the scope of the CHG, and as such may not be
immediately apparent to the modeler. The factors and relation-
ships not expressed in the CHG may have significant influence
on the system’s behavior. The method for discovering these un-
modeled factors likely lies, as with other modeling frameworks,
in verifying the model against observations in the real world.

There are other obstacles preventing the immediate adoption
of CHGs as a method of general system modeling. One is that
creating the necessary inter-variable relationships is challenging
when the interfacing application is primarily designed for interac-
tion through a graphical user interface (GUI). Selecting geometric
entities such as faces or edges is difficult in a CHG. Difficult, but
necessary, since the primary benefit of a CHG is in its automatic
execution, so that there must be some function allowing the CHG
solver to perform the tasks normally undertaken by a human agent
interfacing with the GUI. The authors address this by noting that,
though CHGs are excellent at expressing models, they are less
suitable for initial development. If the behavior of a system is
initially unknown, then the modeler is advised to make use of the
available frameworks that have been developed for the purpose
of model development. In other words, a modeler should start in
a CAD environment, working with the GUI. Or they should start
by drawing a circuit diagram, or a bond graph. Only after teasing
out the system behavior should these models be reconstructed
into a unifying CHG.

A second limitation to general adoption is the CHG’s re-
liance on a software exposing its functionality through an API. It
takes considerable labor to wrest an application into a collection
of functions that can subsequently be arranged by a modeler. This
labor is liable to be wasted if the API is significantly modified
or taken offline. Even more unworkable is when an application
does not provide an API in the first place, preventing integration
via a CHG. For instances of CAD, this can be somewhat resolved
by building an CHG interface around a modeling kernel such as
Parasolid. Extracting the functionalities of Parasolid can pro-
vide a better basis for generating solid models due to Parasolid’s
time-tested (and somewhat static) nature. Additionally, its use
in a variety of CAD applications means that such a declarative
wrapper might be useful for more than just one software.

5.2. Future Work

General adoption of CHGs is dependent upon a robust CHG
solver being made available to practitioners. The authors have
discussed one such solver currently in development [54]. The
analysis of this solver, including its runtime and consistency, re-
quire further consideration in a future article. Once a robust solver
is released, additional work would likely be merited to build tool-
boxes for integrating modeling kernels into CHGs. These could
be extended to other software systems: finite element methods,
Computer-Aided Manufacturing (CAM), Product Data Manage-
ment (PDM), Enterprise Resource Planning (ERP) and other sys-
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tems. For the latter two, the focus shifts from dynamic systems to
maintaining digital threads. Though these may seem like differ-
ent paradigms, in reality both are systems that require modeling
and simulation, and consequently that could benefit from being
represented as CHGs.

6. CONCLUSION

This paper showed how declarative modeling can be per-
formed with multi-domain models, even when the simulation
of those models requires otherwise sequestered analytical soft-
ware. The key solution was the use of a CHG as a holistic model
formalism that captured the full system behavior, with software
tools integrated into the CHG as edges in the hypergraph. This
is paradigmatically different from traditional modeling couplers,
which pass messages between distinct models rather than unify-
ing them into a single framework.

This work builds upon previous articles that discussed the
mathematics of CHGs [2] and how they engender declarative,
functional modeling [29]. It was shown that the purpose of system
modeling is to perform simulations, where facts about the system
of interest can be artificially observed through the relationships
of the model. One point critical to this paper was that the process
of simulating a model is equivalent to constructing a chain of
functions mapping a set of known inputs to the unknown outputs
being simulated. The result is the provision of a simulation
process: a series of calculable steps describing how an output is
constrained by the inputs.

How these simulation processes are constructed has sig-
nificant differences for modelers, especially when it comes
to integrating between software tools. Models in traditional,
imperatively-coupled frameworks express a single simulation
process. The process contains at which points information should
be passed and received from the software in the ecosystem, often
through an API. The resulting simulation may be holistic, but it is
inflexible, only describing a single behavioral trace of the system
being represented. Imperative simulations make it difficult for
modelers to understand the different interactions of a system, as
only a single set of inputs can every be prescribed.

Alternatively, CHG models avoid connecting software along
procedures. Instead, applications are treated as tools for calculat-
ing function rules. A modeler first deconstructs an application’s
interface into a set of functions, then arranges the functions to
describe how the state variables of a system affect one another.
The model’s structure allows for a path-finding engine to arbitrar-
ily solve the resulting CHG for any connected pairing of inputs
and outputs, allowing for universal, automatic simulation of the
connected system.

This is demonstrated by forming a CHG of a crankshaft that
integrates kinematic and dynamic models with a solid model
formed in the CAD platform Onshape. The full process of con-
necting with Onshape, including file structures and authoriza-
tion, is handled by the CHG. This provides fully autonomous
parsing of the resulting system model. Various configurations
of the crankshaft can be formed by specifying various inputs.
Capabilities of simulation best conducted in CAD, such as cal-
culation of the shaft’s mass moments of inertia, captured in the
CHG. Though this work demonstrates integration between only

two software platforms (Python and Onshape), the theory readily
applies to any software that exposes its functionality via an APL
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