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1 Introduction
A large number of engineering domains [42, 46, 53], mechanical, electrical and chemical engineering,
to name some of the main ones, heavily rely on dynamic modeling and simulation for the design
and operation of complex systems. For example, electrical grids [30, 59] are becoming smart to
account for the variability of renewable energy sources and the increased demand introduced by
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electric vehicles. Similarly, industrial production is being revolutionized by Industry 4.0 technologies
including digital twins [15, 38, 39], which are heavily based on simulation. As a result, the size and
complexity of such models are rising rapidly, and require a rethink of the tools and technologies
involved.
Focusing on simulation models based on Differential-Algebraic Equations (DAEs), dedicated

modeling languages exist to express the underlying physics of a system in a computational form.
Such modeling languages offer constructs that, when combined, define a system of differential and
algebraic equations, rather than a procedural description of how to perform its numerical integration.
Thus, they belong to the class of declarative languages. Even in languages where parts of the model
can be expressed procedurally, procedural code is typically relegated to modeling parts of the
system that are inherently procedural, such as control algorithms. It follows that the compilation of
DAE-based modeling languages is very different from typical programming languages and involves
algorithms spanning multiple abstraction levels and domains, from mathematics to computer
science.
Compiling a declarative representation of a DAE system to the imperative instruction set of

computer architectures introduces representation issues, which the compiler’s internal Intermediate
Representation (IR) should address. The main difficulty is in designing a compiler that can preserve
the declarative nature of the model in the initial compilation steps – whose algorithms come from
the mathematical domain – as well as efficiently lower such representation in a procedural form for
the later compilation steps. Recent developments in mainstream compiler technology – such as the
Multi-Level Intermediate Representation (MLIR) project [37] – easily adapt to this scenario
by providing developers the capability of defining custom layers of IRs with semantics that best fit
each aspect of the compiled language.

1.1 Contribution
This article advances the state-of-the-art in DAE-based compilers with the following contributions.

—We present the first – to the best of our knowledge – MLIR dialect targeting DAE-based
modeling languages. More specifically, our work uses Base Modelica as reference source
language, although the concepts involved have a more general applicability. The proposed
design preserves the declarative nature of Base Modelica models while enabling modular
and extensible IRs that support state-of-the-art analyses and transformations specific to DAE
manipulation, such as the array-aware matching algorithms described in [24] and [40].

—We demonstrate how this dialect can be implemented in the prototype compilerMARCO
(Modelica Advanced Research COmpiler) [9] to achieve a full MLIR-to-LLVM compilation
pipeline. In doing so, we introduce additional MLIR dialects to integrate with the IDA solver
[32] and the runtime environment of MARCO.

—We compare this proof-of-concept implementation against a state-of-the-art compiler solution,
and demonstrate significant gains both on compilation time and simulation execution time,
trending towards manually optimized C++ reference implementation.

1.2 Article Structure
The remainder of the article is organized as follows. In Section 2, we describe the main charac-
teristics of DAE-based modeling languages, we explain the transformations that need to take place
within a compiler when dealing with such representations, and we highlight the related challenges.
In Section 3, we introduce some background concepts and notation on the multi-layered approach
we adopted in our solution. In Section 4, we compare our compiler design to other existing solutions
in this domain, and in the compiler field more broadly. In Section 5, we present the MLIR dialects
that have been implemented to address the typical problems of DAE-based modeling languages
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and achieve the compilation of a Base Modelica model. In Section 6, we evaluate the effectiveness
of our work by analyzing the impact of our MLIR-based design within the compilation pipeline.
We compare code sizes, compilation times, and simulation times of our compiler with respect to
an industry-grade solution. Finally, in Section 7, we draw some conclusions and discuss future
works.

2 Background
In this section, we introduce the basic concepts of DAE-based modeling languages that are relevant
to our work, and we discuss their unique characteristics via comparative examples with the most
common programming languages. From there, we present the key mathematical aspects of DAEs, as
well as the steps required for their numerical integration. These steps imply both the mathematical
transformations bringing the DAE system into a computable form, and the generation of executable
code.

2.1 DAE-Based Modeling and Modeling Languages
To understand the purpose of DAE-based modeling languages, we first have to introduce the
concept of a model in engineering. In this context, a model is a set of equations that describes the
relations between the relevant physical quantities of an object or a system. Said quantities could
be voltage and current in a power line, rotational speed and torque in a motor, temperature and
reaction rate in a chemical reaction, and many more examples could be given in these as well as
in other engineering domains. Due to the nature of the physical laws underpinning engineering
domains, said equations are in the general case differential. Performing a simulation amounts to
numerically integrating over time the equations composing the model, and obtaining the evolution
in time of the physical quantities of interest.

Themethods and tools used to perform simulations largely depend on the nature of the differential
equations involved. A significant distinction is the one between Partial Differential Equations (PDEs)
and Differential-Algebraic Equations (DAEs).The former are often addressed by specialized software
packages due to the variety in their mathematical formulation, spatial domains, and boundary
conditions. Computational Fluid Dynamics (CFD) software is an example of such an application.
The latter is a versatile class of models that proved capable of lumped parameter modeling in a
large number of domains and nonetheless represents the outcome of spatial discretization methods
that are widely used in the numerical approximation of PDE solutions.

Various DAE-based modeling languages have been introduced, such as Omola [12], gPROMS [16],
Simscape [43], and Modelica [44]. Since the numerical integration of engineering-scale models is a
computationally intensive task, modeling languages are most often compiled rather than interpreted.
Historically, DAE-based languages are compiled using a two-step process: the source model is first
processed by a model translator that performs the compilation steps specific to the DAE domain
using custom-built compiler infrastructures developed independently by each vendor; then, the
translator produces procedural simulation code in a language such as C, which is compiled using
an ordinary C compiler. Differently from general-purpose programming languages, the produced
simulation executable program is usually run only once to produce the simulation output — that is,
the evolution of the modeled quantities in time. Due to this characteristic, the compilation time
and the numerical integration time both contribute to the time-to-solution metric, and research
efforts in their individual improvement are equally important.

2.2 The Modelica and Base Modelica languages
Among the DAE-based languages, Modelica gained considerable traction thanks to its open
and community-based language specification, which is implemented both by open-source and
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Fig. 1. Correspondence between the Object-Oriented Modelica code describing an RC circuit and its Base
Modelica representation. It should be noted that each statement in the Modelica code corresponds to one or
more statements in the Base Modelica code.

commercial environments. For this reason, from now on we will discuss the concepts of DAE-based
languages using the Modelica syntax, although the presented concepts are applicable to other
modeling languages as well.
Modelica is an object-oriented, declarative, multi-domain modeling language. To support the

modeling of complex systems, Modelica supports the hierarchical composition of models starting
from simpler ones. For example, an electrical circuit such as the one in Figure 1(a) can be modeled
by instantiating and connecting models of its components such as resistors and capacitors, as
shown in Listing 1(b). Modelica is an object-oriented language, thus it is possible for a model
to extend other models and implement interfaces. For example, both the Resistor and Capacitor

models in the Modelica standard library derive from the OnePort interface – exposing an abstract
electrical component with two pins p and n – and only need to add their characteristic equation,
respectively v = r * i and i = c * der(v), with the der operator representing the derivative
over time.
The key construct in the Modelica syntax is the model. For the purpose of this article, we can

assume models to be composed of only two blocks, the first for declaring variables, parameters
and constants, and the second for listing the model equations. Modelica is a declarative language,
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and while equation statements – such as the ones just shown for the resistor and capacitor –
resemble assignment statements in programming languages, they are not. In Modelica, the =

operator represents an equality in the mathematical sense and not an assignment. For example,
Ohm’s law in the Resistor model could just as well be written as 0 = v - r * i and that would be
valid Modelica code even though, clearly, it is not a valid assignment. One more consequence of the
language being equation-based is that the order in which the equations are written does not matter.
Statements in a model’s equation block can be arbitrarily shuffled without altering the model
behavior. Additionally, the number of equations in a model must always be equal to the number
of variables. Otherwise, the underlying system of equations is either under- or over-determined.
The model in Listing 1(b) also makes use of the connect statement, which the language provides to
automatically generate the equations required for connecting model components (e.g., Kirchhoff’s
laws in electrical circuits).

While the Modelica language is meant to be written by humans, and therefore includes constructs
such as object orientation and connect statements to describe models in an expressive way, the
Modelica community recently acknowledged the need for a simplified version of the language,
tailored for automated machine code generation.

This language, named Base Modelica [35], is currently in the process of being standardized. Tools
already exist to convert Modelica code to Base Modelica – a process called flattening – thus making
it a viable source language to research advanced compilation techniques for DAE-based languages.
Indeed, Base Modelica allows to focus on the compiler algorithms and data structures without
the need to design a frontend capable of handling the complexity of the entire Modelica language
specification [3].
The circuit of Listing 1(b), when flattened into Base Modelica code, reads as Listing 1(c) (with

some trimming for space reasons). It should be noted how the class hierarchy and component
instantiations have been expanded into variables describing each quantity all in a single model,
and the interconnection constructs have been replaced by the equations they stood for.

Optimization of algorithms and data structures can be especially impactful when leveraging the
concept of equation arrays. Equation arrays model the concept of a set of equations, parametric to
an index, such as

𝑥𝑖(𝑡) = 1 − ̇𝑥𝑖 , ∀𝑖 ∈ [1, 10]
The above equation can be expressed in Base Modelica as

for i in 1:10 loop
x[i] = 1 - der(x[i]);

end for;

Although this representation may appear simple, it represents a relevant source improvement.
Indeed, in the state-of-the-art of DAE systems simulations as of Kofman et al. [20], it was deemed
necessary to dismantle this construct into a series of ten equations over the same number of
scalar variables. In current industry-grade compilers, this task is applied as soon as possible [8],
and the internal compiler IR has no capability to represent for constructs at all. However, since
then, it has been found that it is possible to preserve for constructs in many significant cases,
with associated code size and performance improvements [24]. Therefore, in a modern DAE-based
compiler, preserving for constructs in multiple stages of the IR is of great importance.

2.3 An Overview of Differential-Algebraic Equations
In order to support the modeling of complex systems in an expressive and maintainable way,
component-based modeling is a necessity. However, the characteristic equations of individual mod-
els are in the general case differential, while the equations arising from connect statements are alge-
braic. Thus, when the equation statements are combined, they eventually lead to a system of DAEs.
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In mathematical notation, a DAE system appears as in Equation (1), in which d is a vector of 𝑛
differential variables, ḋ is a vector of derivative variables such that ̇d𝑖(𝑡) =

𝑑d𝑖(𝑡)
𝑑𝑡 , a is a vector of 𝑚

algebraic variables, 𝑡 is the independent variable (usually time), and 𝐹 is a vector of 𝑛 + 𝑚 functions
involving time, the variables, and their derivatives.

𝐹(d(𝑡), ḋ(𝑡), a(𝑡), 𝑡) = 0 (1)

Numerically solving DAE systems is a complex mathematical topic, which requires to first
introduce the concept of (differential) index. For a given DAE system, its index is the minimum
number of differentiations that need to be applied to the algebraic equations to obtain a system of
explicit Ordinary Differential Equations (ODEs) in the form of Equation (2), where x is the vector
of model state variables, and y is the vector of output variables.

{
ẋ = 𝑓(x, 𝑡)
y = 𝑔(x, 𝑡)

(2)

An explicit ODE is therefore an index-0 DAE. To be so, it must not contain algebraic loops
or structural singularities. An index-1 DAE system contains algebraic loops but no structural
singularities [20]. DAE systems with higher index are structurally singular and – if not considering
algorithms working only in very specific cases – need to be rewritten in an index-1 form to be
solved. It should be noted that some models arising from relevant engineering domains, when
written in their most natural form, do result in higher-index DAE systems. However, there are
symbolic manipulation techniques that can be used to rewrite them in index-1 form in an automated
way, an operation called index reduction [45]. An example of index reduction is the Pantelides
algorithm [16]. Once the system of DAEs is in index-1 form, broadly speaking, it can be solved
in one of two possible ways, each of which has its unique tradeoffs that make them preferable in
different contexts.

The first method is to choose to use a DAE solver algorithm to perform the numerical integration.
Numerical solvers exist – in the form of software libraries such as IDA in the SUNDIALS suite [32]
– to directly perform the numerical integration of index-1 DAE systems. Such software libraries
require the compiler to provide functions (in the computer science meaning) to perform computa-
tions on the DAE system, such as computing the value of the residuals vector and of the Jacobian
matrix for a given candidate solution of the DAE system. When following this first method, the
compiler’s task is to generate efficient code to perform those computations [8], and produce an exe-
cutable program that links with the appropriate solver libraries. The model simulation performance
however also greatly benefits from optimizations performed through symbolic manipulation of the
model, as passing each and every equation directly to a DAE solver can be inefficient [55].

The second method is instead to proceed with further symbolic manipulation steps with the aim
of obtaining an explicit ODE system, and then performing numerical integration using an ODE
solver algorithm. The symbolic manipulation required is a multi-step process that is collectively
called causalization. It involves, at minimum, the matching and scheduling steps [24]. The equation-
variable matching step pairs each variable (and derivative) to an equation that is used to compute
its value. The scheduling step attempts to find an order between the equations so that no variable
is used before it is computed, allowing the equations to be lowered into assignment statements. In
cases where this is not possible, the scheduling step evidences the presence of algebraic loops that
need to be addressed through further symbolic manipulation techniques such as tearing [20].
Once the system is in explicit ODE form, a wide range of numerical solver algorithms can be

used, each of them differing in characteristics such as time-to-solution and numerical stability.
These characteristics make them suitable for different classes of problems. Summarizing for brevity,
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these algorithms work iteratively by first computing the derivatives of the state variables, and then
using the derivatives to compute the value of the state variables at the next timestep. The simulation
timestep – depending on the algorithm – can either be a fixed value or can be dynamically adapted
to keep the simulation error within desired bounds.

When performing the causalization of the DAE system, the compiler needs to perform the entire
symbolic manipulation pipeline, generate efficient lowered code, and connect it with the ODE
solver code. It should be noted that for some solver algorithms, the compiler can generate the entire
numerical integration code without linking with external solver libraries [7, 32]. An example is
when using the inline integration technique [21].

Choosing between DAE and ODE solvers is a model-dependent decision, and involves multiple
criteria whose analysis goes beyond the scope of this article. For example, DAE solvers can reduce
the number of Newton iterations needed to solve algebraic loops, but they may behave differently
– from a numerical point of view – in case of small sizes of the numeric integration step. Both
methods require proper initialization to begin numerical integration, a task whose complexity can
range from trivial to very complex on a model-specific basis. This task requires to solve a non-linear
system of (non-differential) equations and the compiler must therefore be capable of linking the
generated code with the external nonlinear solvers [32].

In this article, we analyze the implications of direct DAE solving and DAE causalization in terms
of compiler development. The reader that is interested in their mathematical foundations is referred
to the existing literature [20].

3 MLIR as an IR for DAE-Based Languages
From the previous section, it emerges that DAE-based modeling languages generate a diverse and
unique set of challenges compared to all programming languages, regardless of their paradigm.
These challenges arise from the compiler having to deal both with the mathematical and computer
domains, needing to manipulate both equations and variables, and – later in the process – procedural
code. It follows that operations involving the two classes of representations require very different
data structures. On one hand, the manipulation of procedural code can be trivially mapped onto well-
known compiler intermediate representations used in general-purpose programming languages
and tools [36]. On the other hand, the DAE-based transformations do not find an obvious mapping
onto existing data structures within the mainstream compiler tools.
Recent developments in compiler technology – such as the MLIR project – provide a software

infrastructure that easily adapts to scenarios such as this one, where clearly different and well-
separated abstraction levels manifest the need for a MLIR.
Although the approach to code compilation based on multiple intermediate representations is

well-known in the state of the art, and industrial compilers, such as gcc, have been built on this
principle decades ago, the novelty brought by theMLIR framework consists of the interoperability of
its composing elements, based on a common syntax. By leveraging the multiple levels of abstraction
in MLIR, the code transformations become easier to implement and more effective in enabling
optimizations – especially when every domain-specific concept is mapped onto a separate level
of abstraction. To familiarize the reader with the MLIR framework, the remaining part of this
section is devoted to the description of the MLIR syntax, semantics, and capabilities. However,
given the breadth of the topic, such treatment is limited to give the information needed for a proper
understanding of this article. The reader interested in a deeper knowledge of the framework is
referred to the official documentation and tutorials [1, 2].
In MLIR, each abstraction level is called dialect, and its design is based on concepts such as

operations, types, and attributes. A dialect typically represents the semantics specific to a certain
domain (e.g., linear algebra, memory management), while the framework itself remains completely
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independent from these semantics. New dialects can be defined to construct a compiler for any
language, and they can also be intermixed with already existing ones to reuse their semantics and
optimizations. Their interoperability is empowered by interfaces, which enable transformation
passes to operate on the IR based solely on relevant properties, without requiring knowledge
of the entire operation semantics. The modularity of dialects and their interoperability is also
complemented by the progressive lowering of the employed abstractions, with the objective of
avoiding the premature loss of higher-level semantics andmetadata.This flexibility enables the use of
MLIR within an exceedingly wide variety of use cases, from conventional imperative programming
languages to graph-based languages such as the ones employed for high-level synthesis [10]. In our
work, to the best of our knowledge, we provide the first MLIR dialects for DAE-based modeling
languages.
MLIR is part of the greater LLVM project [36], which is an industry-grade compiler construc-

tion framework. As such, MLIR has been designed for high compatibility and manifests multiple
similarities with its umbrella project, especially to allow the reuse of the LLVM-IR and the LLVM
backend. Despite the similarities, an important difference between MLIR operations and LLVM-IR
instructions lies in the possibility of the former to be nested. Indeed, operations can be enriched
with one or more regions that may contain multiple code blocks. Like LLVM-IR, MLIR employs a
Static Single Assignment (SSA) representation, where a value can be only statically defined once
within its scope, and hence a more specific term we use is SSA value. It is also important to note that
operations may or may not produce a result. If a result is produced, that is stored in a value whose
life is restricted to the region in which it is defined. In the MLIR code examples, values are denoted
with the “%” prefix. Additionally, MLIR operations provide an alternative to values in the form
of the symbol concept, which is an alias (or reference) for an operation – with or without value.
Subsequent operations may take a symbol as an attribute to represent an access to that symbol. In
the MLIR code examples, symbols will be prefixed with “@”.

4 Related Works
TheMLIR project and –more broadly – its layered approach are becomingmore andmore popular in
the field of compiler development due to the flexibility and expressiveness they provide. Applications
areas cover very different domains, from machine learning [4, 5, 34] to high-level synthesis [23, 60].
The abstraction capability of MLIR has also been used to improve the compilation of well-

established languages. For example, the Polygeist project applies polyhedral optimization techniques
to the C language [47]. Ongoing efforts aim for a ground-up re-implementation of one of the most
popular Fortran compilers – Flang – leveraging the MLIR infrastructure. The new performance-
oriented structure of Flang provides useful insights for our design. An MLIR dialect called Fortran
IR (FIR) [37] has been designed to capture the semantics of the multiple Fortran language versions
and act as a common denominator to exploit their features. The current design of Flang aims at
lowering FIR to LLVM-IR via the LLVM dialect provided by MLIR, thus reusing most of the existing
middle-end and back-end of LLVM. Core dialects of the MLIR framework are selectively reused
and exploited as needed within the project, e.g., to represent functions – func dialect – and to
express OpenMP parallelism concepts – omp dialect. Integration with additional dialects has been
demonstrated as feasible and effective, especially for improving the performance of specific use
cases [17].

The MLIR ecosystem and its layered approach have been also used in the context of programming
reactive systems, bridging the gap between concepts and algorithms from synchronous languages
and the abstractions developed within general-purpose compilers [50]. However, despite the shared
concept of equation – in the sense of equality between two expressions – such languages do not
support DAEs nor a-causal modeling semantics; this characteristic narrows their approach to a less
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Base Modelica

bmodelica

runtimeida

MARCO dialects

Core MLIR dialects

LLVM-IR Runtime libraries

Simulation executable

Fig. 2. Overview of the MARCO compilation pipeline: from Modelica source to simulation executable,
highlighting the intermediate representations, custom MLIR dialects, and integration with external solvers
and runtime libraries.

general kind of mathematical problem than that of DAE-based languages such as Modelica [49].
Thus, they are optimized and better suited for very different application domains, such as designing
graphical user interfaces through a declarative approach [14].
As for the Modelica language, other compilers exist, but none of them take advantage of multi-

level representations. Dymola [22] is a proprietary solution developed by Dassault Systèmes. Being
a closed-source solution, no knowledge about its internal structure is publicly available. JModelica
[11] is a discontinued open-source solution whose aim was to bridge the gap between the need
for high-level description languages and the details of numerical optimization algorithms. The
JModelica compiler supported a subset of the Modelica language and was developed using the
JastAdd framework [31]. The OpenModelica Compiler (OMC) [26] is an open-source solution
developed by the Open Source Modelica Association and represents the most popular open-source
solution within the community. It is written in MetaModelica [27, 28, 51] – a super-set of the
Modelica language – and its frontend can emit the Base Modelica code for each given Modelica
project provided as input, thus enabling interoperability with other tools such as MARCO. Within
the context of large-scale modeling, ongoing efforts to improve DAE-based compilers focus on
the preservation of arrays [24, 52] – or their reconstruction [6, 54] – throughout the compilation
pipeline. A layered approach – such as the one implemented by MLIR – represents a structured
and reliable opportunity to achieve this goal without loss of semantics along the process.

5 MLIR Dialects for DAE Systems
In this section, we introduce the three MLIR dialects that have been designed to perform the
compilation of a Base Modelica model within the open-source MARCO compiler, whose pipeline
is illustrated in Figure 2. Following the multi-layered approach of MLIR, these dialects aim to
preserve the high-level concepts until the necessary transformations are applied while moving
towards the low-level LLVM-IR code, thus enabling more optimization opportunities throughout
the compilation pipeline. More in detail, we are particularly interested in introducing these dialects
to enable the explicit representation of array variables and array equations, whose semantics are
explained in Section 2.2.
The bmodelica and ida dialect reflect the concepts explained in Section 2.3. The former maps

the source language into the MLIR ecosystem and offers the necessary capabilities for optionally
going through the causalization process. The latter is used when interfacing with the IDA software
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library, which is used to showcase the usage of a DAE solver. Finally, the runtime dialect captures
the information and procedures that are necessary to the runtime environment to operate correctly.

5.1 Base Modelica Dialect
From the compiler’s perspective, DAE-based modeling languages describe a system by defining
a set of equations that govern the evolution of variables over time. To accurately capture this
modeling intent, the IR should distinguish between the system of equations as a whole, individual
DAEs, variables, and the time being the independent variable of the system.

In this section we describe the bmodelica dialect, which is used to represent these entities within
the MLIR ecosystem. We examine the difficulties of mapping the high-level semantics of DAE
systems onto an IR of a compiler, and analyze which constructs of the MLIR domain can be usefully
employed to overcome this challenge.

System of DAEs. The declarative nature of DAE-based languages is the most relevant aspect to
be considered when defining an MLIR dialect for the compiler. The order in which equations are
written does not affect the properties of the system nor changes the simulation behavior. Therefore,
the intermediate representation chosen for a DAE system should not impose any order among the
elements of this set. In MLIR, this property is well captured by the graph region construct, which
does not pose constraints on the order of the operations contained within. The Base Modelica model

class – representing the entire system of DAEs – is mapped on the model operation of the bmodelica

dialect. Coherently with its source language counterpart, the MLIR operation is decorated with a
name in the form of a symbol attribute. It also provides a single block for the declaration of variables
and equations, whose representation is discussed later in this section. Such a block belongs to the
unique region of the operation, characterized by the aforementioned graph semantics.

Variables as Symbols vs SSA Values. Each variable belonging to a model is declared using the
variable operation. Similarly to the model operation, it has a symbol attribute expressing the name
of the variable. During the design of the IR, two alternatives were considered for the semantics of
this operation: SSA values or symbol semantics. The latter have been preferred to avoid scoping
constraints within the IR. Indeed, MLIR operations may be characterized by the isolated-from-
above trait, which prohibits, within their regions, to reference SSA values defined in parent scopes.
This restriction would complicate variable referencing when using SSA value declarations, whose
choice for the operation’s semantics would therefore potentially reduce the interoperability of
the operation with other MLIR dialects. As a result, the variable operation does not produce SSA
values, and the symbol attribute indicating the variable name is also used to reference the variable.
Referencing is performed through the variable_get operation, which will be later introduced in this
section to shift from symbol to SSA semantics within the body of equations.

A Dedicated Type System. The variable operation is also characterized by a !bmodelica.variable

type describing the dimensionality, the nature, and the read-only traits (i.e., being a parameter or a
constant) of the data. Dimensions are used to represent array of elements, and can be omitted in the
case of scalar variables. The parameter and constant properties are of course also optional. The nature
of the individual elements is instead mandatory, and can be chosen from the already available
MLIR built-in type system (e.g., i64, f64), or among the new types closely mapping the language
syntax. This last category is composed of the !bmodelica.bool, !bmodelica.int, and !bmodelica.real

types, which trivially correspond to the Boolean, Integer, and Real types of Base Modelica. The
introduction of these basic types, as opposed to the reuse of built-in ones, allows to decouple the
source language representation from the machine-level specificities. By avoiding a fixed bitwidth,
the decision on the actual precision can be deferred to later stages of the compilation pipeline,
where it can be determined based on model-specific properties and numerical requirements. In the
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examples provided within this article, we stick with built-in types to keep the textual representation
as compact as possible, but nonetheless can be replaced with the Base Modelica equivalents.

Capturing the Generic Structure of Equations. The representation of equations must take several
aspects into account, from effectively capturing high-level semantics to providing memory and
computational efficiency throughout IR transformations. Multiple constructs are employed to
achieve this multi-faceted goal, starting with the equation_template and equation_instance operations,
respectively decoupling the generic structure of an equation from the optional indices it iterates
on. An equation_template operation has a single block containing the syntactic tree of the equation.
The root of this tree is defined by the equation_sides operation, which takes two operands – each
of them representing a list of expressions – that are in turn defined by two separate equation_side

operations. As their names suggest, the equation_sides operation represents the concept of equality
that is intrinsic to an equation, while the equation_side operation groups the values defining one
side of the equation, given by one or possibly more expressions. If multiple operands are provided
on the two equation sides, their quantity must of course be the same, and the equality implied
by equation_sides is then assumed to hold among the elements at equal positions within the two
lists. Each expression is represented as an SSA use-def chain, with SSA values defined exclusively
within the block of the equation template. Multiple expressions may also share the same SSA values,
enabling efficient reuse within the block. As anticipated, the referencing to variables is performed
through the variable_get operation. This operation takes the name of the variable of interest and
results in an SSA value containing its value. If the variable consists of a (possibly multidimensional)
array, then the result type is an MLIR tensor with the same dimensions and base type. In the case of
a scalar variable, the result type corresponds instead to the data type of the variable. The semantics
of this operation also do not enforce a single transition from symbol to SSA value, meaning that
multiple variable_get operations can reference the same variable within a single equation. The time
variable – which is always implicitly declared within a model and constitutes the independent
variable for DAE systems – can be referenced by using the time operation, which directly results in
a scalar floating-point SSA value. Finally, among the SSA values that can be used for constructing
the body of the equation, the equation_template operation provides a list of induction variables in
the form of block arguments. If not empty, these can be used to reference the generic indices of the
array equation’s structure being defined.
With the generic equation structure set in place, the actual declaration of an equation, or of

an array of equations, is performed using the equation_instance operation. This operation takes a
reference to the identifier – expressed again in the form of SSA value – of an equation template.
While the equation_template operations are declared directly within the model operation, equation
instances are placed within the unique block of an initial or of a dynamic operation. The two sets –
of initial and dynamic equations – represent two different systems of equations that are solved
independently: the system of initial equations, valid only during initialization, is entirely algebraic
and solved once at the beginning of the simulation to determine the initial values of the variables;
the system of dynamic equations, valid for the whole duration of the simulation, is instead a
DAE system whose variables are updated repeatedly throughout the simulation as the virtual
time progresses. In both cases, however, the possible placement of equation_instance operations is
limited to the respective blocks of these two operations (or at most to other non-isolated bmodelica

operations such as the scc one, which is introduced later in this section).
As previously mentioned, the use of SSA semantics for variables is not feasible due to the flexible

scoping required for variable references. In contrast, equations have restricted placement within
the IR – as described by the proposed dialect – making SSA values suitable for their representation.
While symbol semantics could technically be applied also to equations, SSA semantics are preferred
because they simplify the implementation of IR transformations: MLIR automatically manages SSA
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values in case of modifications, whereas symbol tables require manual and potentially error-prone
handling. Consequently, adopting SSA semantics for equations is both practical and advantageous.
The equation_instance is also optionally enriched by an indices attribute providing the multidi-

mensional range of indices of the equation. Compared to upstream MLIR dialects, this attribute can
be seen as a restricted form of the scf.for operation, allowing only constant ranges and steps equal
to one. Even though this choice may seem limiting at first, it should be noted that the iteration
space of array equations in Base Modelica must always be compile-time computable, as structurally
relevant for the system of DAEs (i.e., it is needed for the mathematical analyses such as matching
and scheduling), and non-unitary steps can still be obtained by modifying the accesses to variables
within the equation body.

An example. Figure 3 shows an example of a BaseModelicamodel (Listing 1) and its corresponding
representation in the bmodelica dialect (Listing 2). The code represents a simple 1D thermal model,
which describes thermal conduction in a solid copper wire divided into 1000 sections of equal
length. Each variable declaration within the Base Modelica source code has been translated into
a variable MLIR operation accompanied by both its name and type. The g and c variables are both
characterized by the !bmodelica.variable<f64, parameter> type. That is, each of them is a 64-bit scalar
floating-point variable whose value – as indicated by the parameter keyword, is set only once during
the initialization phase. The variable named T is instead an array of 1000 64-bit floating-point
elements, which are updated throughout the whole simulation. Each equation in Base Modelica is
translated into a pair of equation_template and equation_instance MLIR operations, with the former
being placed directly within the body of the model, and the latter inside an initial or a dynamic

operation according to the initial / non-initial nature of the equation.The assignments to parameters
are treated as initial equations, as being performed only once during the initialization phase. For
brevity, only two equations have been fully reported in the MLIR code snippet, but the translation
of the remaining ones operates along the same lines. The variables g, c, and T are referenced within
the equation bodies by using the variable_get operation. The variable T, being an array variable, is
obtained in the form of a tensor having multiple elements. Its individual elements are then obtained
by leveraging the tensor dialect.The arith dialect, also already part of the MLIR codebase, is also used
while representing the two sides of the equation. It should be noted that the numbering of elements
within arrays is 1-based in both Modelica and Base Modelica, but 0-based in their MLIR counterpart.
Therefore, accesses in MLIR are subject to an offset of -1. The key concept of derivative – with
respect to time – of a variable is mapped onto the der operation, which in this example is applied to a
single element of variable T. The time operation does not appear in the MLIR listing for this example,
given that the time variable is indeed not used in the original Base Modelica code. The reader
interested in its usage is referred to the IR printouts that are made available for the heat exchangers
model considered in Section 6, in which the time variable is referenced within the equations.

Derivatives Materialization. The derivative operator – named der in Modelica and Base Modelica
– is essential for modeling dynamic systems, where differential equations describe the evolution of
the system state over time. However, this mathematical construct is not directly understandable
by a machine and must be materialized into more practical, machine-friendly, representations. In
the most general case, the value of a derivative must be stored somewhere in memory, so that
later computations can fetch and use it while updating other variables. Such memory location is
reserved by declaring additional variables, one for each variable whose derivative is taken in the
source model. The derivative operations are then replaced with references to these newly inserted
variables. A specifically designed attribute is also attached to the model to inform later stages
within the compiler about which variables have been inserted during this transformation. This
attribute – named der – consists of a list of tuples (𝑎, 𝑏, 𝑖), in which 𝑎 and 𝑏 are symbols and 𝑖 is an
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model Thermal1D

parameter Real g = 0.00314785;
parameter Real c = 0.2707936;
Real T[1000];

equation

for i in 2 : 999 loop
c * der(T[i]) = g * (T[i - 1] - T[i]) +

g * (T[i + 1] - T[i]);
end for;

c * der(T[1]) = g * (T[2] - T[1]) +
2*g * (673.15 - T[1]);

c * der(T[1000]) = g * (T[999] - T[1000]) +
2*g * (293.15 - T[1000]);

initial equation

for i in 1 : 1000 loop
T[i] = 293.15;

end for;

end Thermal1D;

Listing (1) 1D thermal model of a solid
copper wire described using the Base
Modelica language.

bmodelica.model @Thermal1D {
bmodelica.variable @g : !bmodelica.variable<f64, parameter>
bmodelica.variable @c : !bmodelica.variable<f64, parameter>
bmodelica.variable @T : !bmodelica.variable<1000xf64>

// c * der(T[i]) = g * (T[i - 1] - T[i]) + g * (T[i + 1] - T[i])
%t0 = bmodelica.equation_template inductions = [%i] {
%0 = arith.constant 1 : index
%1 = arith.constant 2 : index
%2 = bmodelica.variable_get @c : f64
%3 = bmodelica.variable_get @g : f64
%4 = bmodelica.variable_get @T : tensor<1000xf64>
%5 = arith.subi %i, %0 : index
%6 = tensor.extract %4[%5] : tensor<1000xf64>
%7 = bmodelica.der %6 : f64 -> f64
%8 = arith.mulf %2, %7 : f64
%9 = arith.subi %i, %1 index
%10 = tensor.extract %4[%9] : tensor<1000xf64>
%11 = arith.subf %10, %6 : f64
%12 = arith.mulf %3, %11 : f64
%13 = tensor.extract %4[%i] : tensor<1000xf64>
%14 = arith.subf %13, %6 : f64
%15 = arith.mulf %3, %14 : f64
%16 = arith.addf %12, %15 : f64
%lhs = bmodelica.equation_side %8 : tuple<f64>
%rhs = bmodelica.equation_side %16 : tuple<f64>

bmodelica.equation_sides %lhs, %rhs
: tuple<f64>, tuple<f64>

}

// c * der(T[1]) = g * (T[2] - T[1]) + 2 * g * (673.15 - T[1])
%t1 = bmodelica.equation_template ...

// c * der(T[1000]) =
// g * (T[999] - T[1000]) + 2 * g * (293.15 - T[1000])
%t2 = bmodelica.equation_template ...

bmodelica.dynamic {
bmodelica.equation_instance %t0, indices = {[2,999]}
bmodelica.equation_instance %t1
bmodelica.equation_instance %t2

}

// g = 0.00314785
%t3 = bmodelica.equation_template inductions = [] {
%0 = bmodelica.variable_get @g : tensor<f64>
%1 = arith.constant 0.00314785 : f64
%lhs = bmodelica.equation_side %0 : tuple<f64>
%rhs = bmodelica.equation_side %1 : tuple<f64>

bmodelica.equation_sides %lhs, %rhs
: tuple<f64>, tuple<f64>

}

// c = 0.2707936
%t4 = bmodelica.equation_template ...

// T[i] = 293.15
%t5 = bmodelica.equation_template ...

bmodelica.initial {
bmodelica.equation_instance %t3
bmodelica.equation_instance %t4
bmodelica.equation_instance %t5, indices = {[1,1000]}

}
}

Listing (2) 1D thermal model of a solid copper wire
described using the bmodelica dialect. This code also
reuses the arith and tensor core dialects of MLIR.

Fig. 3. Correspondence between Base Modelica code describing a the 1D thermal model of a copper wire
and its representation in the MLIR Base Modelica and core dialects. A summary of the relevant bmodelica
operations is provided in Table 1.

optional list of indices. Such a tuple conveys the information of 𝑏 being the new variable storing the
derivative of variable 𝑎, for the indices given by 𝑖 (if 𝑎 is an array variable). Following the example of
Listing 2, the result of the derivatives materialization process is shown in Listing 3. A new variable
named der_T, of the same type of T, has been declared, and the der attribute has been attached to
the model operation to remember the relationship between the two variables. The der operation is
then replaced within the equation bodies with references to the new der_T variable. Only the first
equation body has been reported, but the process also applies to the remaining ones.
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Table 1. Summary of the bmodelica Operations Used in Listing 2 to Represent a Base Modelica Model in the
MLIR Domain

Operation Purpose
model Declares a Base Modelica model, encapsulating variables and equations within its unique region.
variable Declares a variable within the model, specifying its name, type, and optional attributes (e.g., parameter, constant, dimensions).
initial Contains the initial equations, which are solved once at the start of the simulation.
dynamic Contains the dynamic equations, which are repeatedly computed during the simulation at each time step.
equation_template Defines the generic structure of an equation, optionally parameterized by induction variables for array equations.
equation_instance Instantiates an equation (or array of equations) from a template, specifying the actual indices and initial / dynamic nature.

bmodelica.model @Thermal1D attributes {
der = [#bmodelica.der<@T, @der_T, <[0,999]>>]

} {
bmodelica.variable @g : !bmodelica.variable<f64, parameter>
bmodelica.variable @c : !bmodelica.variable<f64, parameter>
bmodelica.variable @T : !bmodelica.variable<1000xf64>

bmodelica.variable @der_T : !bmodelica.variable<1000xf64>

// c * der_T[i] = g * (T[i - 1] - T[i]) + g * (T[i + 1] - T[i])
%t0 = bmodelica.equation_template inductions = [%i] {
%0 = arith.constant 1 : index
%1 = arith.constant 2 : index
%2 = bmodelica.variable_get @c : f64
%3 = bmodelica.variable_get @g : f64
%4 = bmodelica.variable_get @T : tensor<1000xf64>
%5 = arith.subi %i, %0 : index
%6 = tensor.extract %4[%5] : tensor<1000xf64>

%der_T = bmodelica.variable_get @der_T : tensor<1000xf64>
%der_T_i = tensor.extract %der_T[%5] : tensor<1000xf64>

%8 = arith.mulf %2, %der_T_i : f64
%9 = arith.subi %i, %1 index
%10 = tensor.extract %4[%9] : tensor<1000xf64>
%11 = arith.subf %10, %6 : f64
%12 = arith.mulf %3, %11 : f64
%13 = tensor.extract %4[%i] : tensor<1000xf64>
%14 = arith.subf %13, %6 : f64
%15 = arith.mulf %3, %14 : f64
%16 = arith.addf %12, %15 : f64
%lhs = bmodelica.equation_side %8 : tuple<f64>
%rhs = bmodelica.equation_side %16 : tuple<f64>
bmodelica.equation_sides %lhs, %rhs : tuple<f64>, tuple<f64>

}

bmodelica.dynamic {
bmodelica.equation_instance %t0, indices = {[2,999]}

}

// Omitted for brevity.
...

}

Listing 3. MLIR representation of the model of from Listing 2 after the materialization of derivatives. Only
relevant aspects of the resulting IR – i.e., the derivative variable declaration, its usages, and the attribute
placed on the model operation – are shown for brevity.

Causalization. Different algorithms can be employed in this process, with the aim of reducing
the computational effort [24, 25]. Although the specifics of the algorithms employed are beyond the
scope of this article, we should analyze how the results of the matching and scheduling tasks reflect
on the IR. During the matching phase, each equation_instance operation is annotated with a match

attribute. This attribute explicitly identifies which variable is matched with the equation, using the
variable’s symbol (name) and, if the variable is an array, the specific indices of the matched scalar
elements. The data dependencies between equations, made explicit by the results of the matching
phase, are then analyzed. The Strongly Connected Components (SCCs) are identified within the
dependency graph, and represented in the form of scc operations, which contain one or more
equation_instance operations. Equations that are not part of cyclic dependencies are then enriched
with an additional attribute named schedule, consisting of a list of iteration directions to be followed
while visiting each scalar equation during the execution of the simulation. One direction is given for
each induction variable: a forward direction implies an increment of the induction variable, while a
backward direction implies its decrement. The SCCs are inserted inside a dynamic or initial operation,
according to the nature of the equations the compiler is dealing with, and a schedule operation is
used as an external wrapper. This schedule operation can be referenced through its symbol attribute,
and the execution of its SCCs can be invoked from elsewhere within the IR by using the run_schedule

operation. It should be noted that, during both the matching and scheduling phases, the indices of
equation arrays may be split if the solutions are not found to be invariant across the whole iteration
space. This split greatly benefits from the decoupling between the equation bodies – generic in their
indices – and the actual instances. Indeed, the insertion of multiple equation_instance operations,
or their enriched versions, is a quick and memory-light task, which reuses the already existing
equation_template operations and therefore does not need to clone all the equation expressions. The
intermediate representations used for the causalization process are exemplified in Listings 4 and 5,
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Table 2. Summary of the Causalization-Related Constructs in the bmodelica Dialect

Construct Kind Purpose
match Attribute Specifies which variable (and indices) an equation instance is matched to.
schedule Attribute Indicates the iteration directions for induction variables, guiding execution order

to respect data dependencies.
scc Operation Groups equation instances that form a strongly connected component in the

dependency graph, representing cyclic dependencies.
schedule Operation Encapsulates a scheduled set of SCCs, defining their execution order and enabling

invocation from other IR locations.
run_schedule Operation Invokes the execution of a schedule operation.
Notice that, despite the shared name, the schedule attribute and the schedule operation have a different nature and
purpose.

bmodelica.model @Thermal1D attributes {
der = [#bmodelica.der<@T, @der_T, <[0,999]>>]

} {
...

// c * der_T[i] =
// g * (T[i - 1] - T[i]) + g * (T[i + 1] - T[i])
%t0 = bmodelica.equation_template inductions = [%i] ...

bmodelica.dynamic {
bmodelica.scc {
// Matched with der_T[i] (in MLIR, @der_T[%i - 1])
bmodelica.equation_instance %t0, indices = {[2,999]},

match = <@der_T, {[2,999]}>
}

}

...
}

Listing 4. Code fragment that represents the model
from Listing 3 after the matching stage.

bmodelica.model @Thermal1D attributes {
der = [#bmodelica.der<@T, @der_T, <[0,999]>>]

} {
...

bmodelica.schedule @schedule_0 {
bmodelica.dynamic {
bmodelica.scc {
bmodelica.equation_instance %t0, indices = {[2,999]},

match = <@der_T, {[2,999]}>,
schedule = [forward]

}
}

}

...
}

func.func @runEquations() {
bmodelica.run_schedule @Thermal1D::schedule_0
func.return

}

Listing 5. Code fragment that represents the model
from Listing 4 after the scheduling stage.

which show a representative set of modifications respectively performed by the matching and
scheduling stages. A summary of the causalization-related constructs in the bmodelica dialect is also
provided in Table 2.

In Listing 4, the reported equation_instance operation is enriched with the match attribute, specify-
ing that the indices 2 to 999 of the equation are matched with the same range of indices of variable
der_T. In the example of Listing 5, the equation is enriched with an additional schedule attribute
which specifies the iteration directions that need to be followed to respect data dependencies
while computing the value of each scalar variable. In this case, the iterations are performed by
increasing the index value from 2 to 999, as specified by the forward keyword. The complementary
backward would have been chosen if the iteration were to be performed in the opposite direction,
from 999 to 2. Finally, the execution of the schedule is exemplified inside the runEquations function.
The name and the body of this function are completely arbitrary, and aim only to demonstrate
the decoupling between the schedule itself, and the points within the IR where it is invoked. In
real-world applications, the runEquations function may have a more complex logic.

5.2 The ida Dialect
As anticipated in Section 2, an alternative to causalization is the direct usage of a DAE solver.
MARCO supports – through a dedicated dialect – the Backward Differentiation Formula
(BDF) integration method [20] implemented by the SUNDIALS IDA solver [32]. The Application
Programming Interface (API) of the solver is wrapped in a dedicated adapter – provided by
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Table 3. Summary of the Main Operations of the ida Dialect

Operation Purpose
instance Declares an instance of the IDA solver.
init Initializes a solver instance, allocating memory and preparing it for use.
getter Declares a function to retrieve the value of a variable.
setter Declares a function to set the value of a variable.
add_differential_variable Registers a differential variable (and its derivative) with the solver instance,

specifying getter / setter functions and dimensions.
add_algebraic_variable Registers an algebraic variable with the solver instance, specifying getter /

setter functions and dimensions.
add_equation Registers an equation with the solver instance.
residual_function Declares the residual function for an equation, representing the difference

between its sides.
pder_function Declares the partial derivative function for an equation with respect to a

variable.
set_residual_function Associates a residual function with a registered equation.
add_pder_function Associates a partial derivative function with a registered equation and

independent variable pair.

the MARCO runtime libraries – in order to decouple future evolution of the API from the dialect,
minimize the amount of compiler-generated code, and introduce additional computational logic
besides the one already implemented by IDA. The ida dialect is used to interface with such wrapper.
An initial implementation of this MLIR dialect was presented by Camillucci [18]. The approach
described in this manuscript refines and extends that work, offering a more seamless integration
with the overall compilation pipeline. By introducing higher-level abstractions, the proposed dialect
eliminates the need to directly manage low-level details of the solver API, such as explicit memory
handling, thereby improving both modularity and maintainability.
The most relevant operations of the redesigned ida dialect – summarized also in Table 3 – con-

sist in the following. The instance operation declares an instance of the solver, enabling multiple
instances to coexist (e.g., to support separate configurations for different phases of the simulation).
Each instance is initialized through the init operation, which allocates the memory for the instance
of the solver. The initialization must be performed before any other operation of the dialect is in-
voked on the instance. Each instance of the IDA solver is then informed about the set of differential
and algebraic variables through the add_differential_variable and add_algebraic_variable operations.
Derivative variables are specified implicitly when adding the corresponding differential variable.
Both operations are decorated with attributes that specify the dimensions of the variable – possibly
empty, in the case of scalars – as well as the getter and setter functions needed by the runtime envi-
ronment to access it. Getter and setter functions are declared using the getter and setter operations.
Listing 6 shows how these operations can be used with respect to the model of Listing 3

(which, if ignoring the materialization of derivatives, is fully reported in Listing 2). Notice that
add_algebraic_variable is not used, as the dynamic part of the model does not present any algebraic
variable (g and c are indeed only computed during initialization). Moreover, as anticipated, the
information about the der_T variable is already provided by add_differential_variable with the T

variable.
Listing 7 shows how equations are represented in the ida dialect. Each equation that is handled

by the solver – in this example, only one – is described through an instance of the add_equation

operation, taking the reference to the solver instance and the attribute space describing the iteration
space of the equation. The attribute space = #bmodelica<indices [2, 999]> specifies that the induction
variable – (%i ) in Listing 3 – can, and will, assume the values from 2 to 999.
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module {
bmodelica.model @Thermal1D attributes {
der = [#bmodelica.der<@T, @der_T, <[0,999]>>]

} {
bmodelica.variable @g : !bmodelica.variable<f64, parameter>
bmodelica.variable @c : !bmodelica.variable<f64, parameter>
bmodelica.variable @T : !bmodelica.variable<1000xf64>
bmodelica.variable @der_T : !bmodelica.variable<1000xf64>

}

ida.instance @ida

func.func @init() {
ida.init @ida

%T = ida.add_differential_variable @ida {
dimensions = [1000],
differentialGetter = @T_getter,
differentialSetter = @T_setter,
derivativeGetter = @der_T_getter,
derivativeSetter = @der_T_setter

} : !ida.variable

func.return
}

ida.getter @T_getter(%i: index) -> f64 {
%0 = bmodelica.variable_get @Thermal1D::@T : tensor<1000xf64>
%1 = tensor.extract %0[%i] : tensor<1000xf64>
ida.return %1 : f64

}

ida.setter @T_setter(%v: f64, %i : index) {
%0 = bmodelica.variable_get @Thermal1D::@T : tensor<1000xf64>
%1 = tensor.insert %v into %0[%i] : tensor<1000xf64>
bmodelica.variable_set @T, %1 : tensor<1000xf64>
ida.return

}

// Getter and setter for 'der_T' are omitted for brevity.
...

}

Listing 6. Declaration of variables within the
ida dialect.

module {
bmodelica.model @Thermal1D attributes {
der = [#bmodelica.der<@T, @der_T, <[0,999]>>]

} {
bmodelica.variable @g : !bmodelica.variable<f64, parameter>
bmodelica.variable @c : !bmodelica.variable<f64, parameter>
bmodelica.variable @T : !bmodelica.variable<1000xf64>
bmodelica.variable @der_T : !bmodelica.variable<1000xf64>

}

ida.instance @ida

func.func @init() {
ida.init @ida
%T = ... : !ida.variable

// c * der(T[i]) = g * (T[i - 1] - T[i]) + g * (T[i + 1] - T[i])
%eq = ida.add_equation @ida {
space = #bmodelica.indices<[2, 999]>

} : !ida.equation

ida.set_residual_function @ida, %eq, @eq_res : !ida.equation
ida.add_pder_function @ida, %eq, %T, @eq_pder_T : !ida.equation

}

ida.residual_function @eq_res(%i: index) -> f64 {
%0 = ... : f64
ida.return %0 : f64

}

ida.pder_function @eq_pder_T(%i: index) -> f64 {
%0 = ... : f64
ida.return %0 : f64

}
}

Listing 7. Declaration of equations within the ida
dialect.

Additional properties however need to be described for the numerical integration method to
work. Specifically, for the BDF method, the behavior of each equation is described by providing its
residual function – that is, the difference between its equation sides – and its partial derivatives
with respect to each of the variables – that is, the Jacobian matrix. These functions appear as
occurrences of the operations residual_function and pder_function, which are associated with the
equations using the set_residual_function and add_pder_function operations. In MARCO, the partial
derivatives are computed by applying the Automatic Differentiation (AD) technique [29, 48].
More in detail, forward AD has been chosen for its implementation simplicity, but backward AD
may also be applied. To implement forward AD, operations among the various dialects are enriched
through the use of an interface from the bmodelica dialect that abstracts the AD’s requirements.

5.3 The runtime Dialect
The simulation driver – that is, the component controlling the runtime macro-actions – is defined
in a separate runtime library to ease the development. However, this driver still has to obtain
model-specific information that does not influence the numerical integration algorithm, and that is
beyond a mathematical representation of the system. Thus, the simulation driver requires some
functions and/or global variables to be generated by the compiler. These pieces of information can
be expressed with high-level operations, which are then translated to low-level functions through
appropriate conversion passes targeting already existing MLIR dialects.
In MARCO, the runtime dialect is defined for this purpose. The semantics of the operations are

described in Table 4, while a concrete example is provided in Listing 8. The example contains
metadata such as the name of the model being simulated (model_name), the number and the name of
the variables in use, as well as their dimensionality and size (variable_dimensions). Similarly to the
ida dialect, the variable_getters operation lists the functions to be used at runtime to retrieve each
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module {
runtime.model_name "Thermal1D"

runtime.number_of_variables 4
runtime.variable_names ["g", "c", "T", "der_T"]
runtime.variable_dimensions [[], [], [1000], [1000]]
runtime.variable_getters [@getter_g, @getter_c,

@getter_T, @getter_der_T]

runtime.variable_getter @getter_g() -> f64 { ... }
runtime.variable_getter @getter_c() -> f64 { ... }
runtime.variable_getter @getter_T(%i: i64) -> f64 { ... }
runtime.variable_getter @getter_der_T(%i: i64) -> f64 { ... }

}

Listing 8. runtime dialect exposing the common traits
of the simulation of the model represented in Listing 3.
A summary of the operation semantics is provided in
Table 4.

Table 4. Summary of the Main Operations of the
Runtime Dialect

Operation Purpose
model_name Specifies the name of the model being sim-

ulated.
number_of_variables Indicates the number of variables in the

model.
variable_names Lists the names of all variables.
variable_dimensions Describes the dimensions of each variable.
variable_getter Declares a function to retrieve the value of

a variable, optionally indexed for arrays.
variable_getters Lists the getter functions for retrieving

variable values at runtime.

variable value. Such functions are declared using the variable_getter operation, which receives the
indices of the scalar variable of interest and returns its value.

6 Evaluation
The evaluation of the proposed MLIR-based approach to the problem of compiling DAE models –
and of the resulting MARCO compiler – can be performed along two dimensions: the first one is
the qualitative comparison between the proposed MLIR-based design and alternative approaches
that employ a traditional, low-level IR, such as the one offered by the baseline LLVM framework;
the second one is the quantitative comparison with existing Modelica compilers.

6.1 Qualitative Evaluation of Compiler Design
The impact of the multi-level IR compared with the LLVM-IR lies primarily in the ease of develop-
ment induced by the higher-level abstractions that MLIR can handle. In our use case, the need to
represent, analyze, and transform equations – in addition to the procedural code – considerably
raises the level of effort required to implement a compiler front-end entirely from scratch. The
built-in tools of MLIR allow the software developer to focus on design issues while leaving support
infrastructure to the framework. A low-level IR – such as LLVM-IR – would otherwise require to
reconstruct or analyze these concepts from procedural code, a non-trivial and error-prone task.
An example is the reordering of strongly connected components (SCCs), which allows the
scheduling algorithm to operate on a single MLIR entity rather than refactoring the whole model
code.

Additionally, we argue that it is easier to debug individual compiler passes by comparing different
MLIR code printouts – which expose more human-readable semantics – with respect to the low-
level IR of LLVM. The addition of new features in traditional non-MLIR compilers is often a
very hard task if the originally employed data structures are not appropriate for it. This issue is
also present in designs of state-of-the-art compilers such as Clang, which presents interesting
engineering challenges [33], whereas the abstractions of MLIR also simplify the refactoring required
for supporting additional features.

With respect to the DAE-based languages field, it is worth noting that the Modelica community
has been aware of bottlenecks in large-scale model compilation with state-of-the-art solutions –
including their open-source flagship compiler OMC – for a long time [19]. Although several past
and ongoing efforts [6, 52] have been directed toward this issue, such bottlenecks remain in OMC to
this day. By applying a multi-layer approach, MARCO allowed us to easily implement more efficient
solutions to the critical problem of matching [24] that clearly demonstrated ground-breaking
advantages. These gains are confirmed by the charts shown in the next section.
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6.2 Quantitative Evaluation of Compiler Performance
The set of Modelica compilers available for a sensible comparison is affected by the age and
requirements of some of these tools. We must exclude Dymola, as its licensing terms explicitly
forbid benchmarking its performance. JModelica, as a discontinued project, does not have significant
support; therefore, the best comparison is performed with the OMC.

We compareMARCO andOMCon two benchmarks that exploit aminimal set of language features
while implementing common patterns of DAE-based modeling that are parameterized as function
of model complexity (i.e., number of equations). Despite the simplicity of the employed syntax
and semantics – which makes them compatible with MARCO – the models under test effectively
captures the characteristics of industrially relevant systems, whose simulation is typically performed
using spatial discretization techniques such as the employed finite volumes method [57, 58].
The first model describes a silicon integrated circuit, in which a constant power source is

continuously applied on half of its bottom surface, and the temperature across the volume of
the chip is discretized into a parameterized three-dimensional matrix. This model is built using
the object-oriented features of Modelica, leveraging the same physics principles of the more
straightforward one-dimensional example of Listing 1. The parametrization on the three spatial
axes allows us to simulate the same physical model at an arbitrarily fine degree of granularity,
which corresponds to an arbitrarily large number of DAEs in the system.

The second model focuses on the thermal behavior of a set of heat exchangers using methanol
as the working fluid. This model is relevant for testing the correct execution and efficiency of
user-defined functions, as it requires the computation of fluid properties during simulation. By
including this model, we ensure that the benchmarks cover not only equation-based modeling
but also the challenges associated with function evaluation, which are common in the modeling
of cyber-physical systems. Due to space constraints, we did not analyze the implementation of
user-defined functions in this manuscript, but – apart from language-specific features like dynamic
array resizing – they can be easily represented through upstream MLIR dialects, thus not requiring
particular extensions. Similarly to the previous model, this benchmark is also parametrized to
scale the number of equations in the system by varying the spatial discretization of each heat
exchanger, the number of heat exchangers in each group, and the number of groups placed
in series.

Each configuration of the models under test has been compiled and simulated using the forward
Euler method and the IDA solver. In the case of MARCO, the source model has been compiled and
simulated using both an array-based Base Modelica representation and the scalar-based DAE coun-
terpart (which are obtained through OMC by respectively enabling or disabling array preservation
during the flattening stage), to highlight the benefits of preserving high-level information through-
out the compilation pipeline. Finally, the forward Euler simulations have also been compared to a
hand-written C++ implementation of the same models, which serves as a reference for the best
performance achievable while still leveraging a reasonably high-level language.
In the case of the forward Euler integration method, a fixed number of timesteps – 266667

for the silicon integrated circuit model and 40000 for the heat exchangers model – has been
used for all the tested configurations to ensure numerical stability throughout the whole set of
tests. In the case of IDA, the number of steps has instead been left free to vary and decided by
the solver itself. All tests have been performed on a dedicated CPU server partition from the
IDUN HPC cluster [56] featuring 32 cores of an Intel Xeon Gold 6348 processor running at 2.60
GHz and 128 GB of RAM. The software projects have been built from source code using recent
rolling releases. More specifically, MARCO has been built on commit 24f25a9, MARCO runtime
libraries on commit b142d4e, and OMC on commit ge499b2. The C++ reference implementation
has been compiled using gcc 12.2.0. The benchmark suite is also distributed together with this

ACM Trans. Arch. Code Optim., Vol. 23, No. 3, Article 109. Publication date: September 2026.



109:20 M. Scuttari et al.

manuscript and freely available online,1 and reproducible using containerization technologies. The
suite is also comprehensive of the printouts showcasing how the IR of the benchmarked models
evolve throughout the compilation pipeline. However, it should be noted that only a subset of
the employed operations and transformations are described in this manuscript.

The data of the experiments is shown in Figure 4, in a matrix that places the model (silicon chip or
heat exchangers) and the numerical integration algorithm (forward Euler or BDF through IDA) in
its rows, and the various measurements in its columns. When preserving array semantics, MARCO
significantly outperforms OMC in code size, compilation time, and simulation time throughout all
the evaluated configurations.
It appears evident that compilation time – that is, the time taken by the benchmarked tool

to generate an executable binary starting from Modelica code, shown in the leftmost column of
Figure 4 – is a big issue in OMC, and also in MARCO if array preservation is disabled. With the
silicon chip model, the smallest configuration of 1040 equations leads to OMC being 6 times slower
than MARCO when selecting the forward Euler method, and 3 times slower when selecting IDA.
With both numerical integration algorithms there is a degrading trend. With the biggest model –
of approximately 185𝐾 equations – that could be successfully compiled by both the tools, MARCO
kept a compilation time between 1 and 2 seconds, while OMC reached 14 and 10 minutes for Euler
and IDA. Bigger models could be compiled with MARCO within the same amount of time as smaller
ones. In contrast, the C++ benchmark maintains a constant compilation time regardless of model
size, as the model parameters are specified at runtime and do not require changes to the source code.
The different trends between MARCO and OMC are the result of the different software architecture
employed in the two solutions, with the multi-level approach easily enabling the preservation
of array variables and array equations. In the case of forward Euler algorithm, the causalization
process can take advantage of such information [13, 24, 40, 41] and avoid the scalarization approach
that instead characterizes OMC. Similarly, in the case of IDA, the functions computing residual
values and partial derivatives of equations are declared at the array level. The effect of the newly
employed IRs is demonstrated by also feeding the scalarized version of the model to MARCO. In
this situation, no array semantics are present within the model, the array-aware optimizations can
not be applied, and the compilation time therefore exhibits a scaling behavior similar to OMC.
It must be noted that, to enable a fair comparison between the two tools, the compilation time

indicated for MARCO is comprehensive of the pre-processing time spent by OMC to instantiate the
model and generate its Base Modelica representation, on which MARCO effectively starts working.
This code transformation is currently not performed by MARCO for time-constraints reasons, but
nonetheless such a feature could be implemented in the future.
The same trends shown in the compilation time are reflected in the code size measurements,

shown in the middle column of Figure 4. On the MARCO side, the chosen IRs are represented by
the Base Modelica dialect – described in Section 5.1 and obtained right after the conversion of
the Base Modelica code into its MLIR counterpart – and the LLVM-IR code obtained as a result
of the MLIR translation pipeline implemented in the frontend of MARCO. The sizes for bmodelica
and LLVM-IR are respectively measured as their on-disk textual and bitcode dumps. On the OMC
side, the measurement has been performed on the textual representation of the C files generated by
OMC – the only measurable IR emitted by OMC during the compilation. IR and binary sizes in
MARCO manifest constant trends while increasing the size of the model, similar to what could be
expected by the C++ implementation, while OMC exhibits a linear increase in the produced code.
Although subsequent compiler transformations may counterbalance the code size growth, this
trend reaches unfeasible levels before the standard gcc or LLVM optimizations can be applied. The

1https://github.com/modelica-polimi/marco-dialects-paper-benchmarks/

ACM Trans. Arch. Code Optim., Vol. 23, No. 3, Article 109. Publication date: September 2026.

https://github.com/modelica-polimi/marco-dialects-paper-benchmarks/


MLIR Dialects for DAE-based Modeling Languages 109:21

Compilation time Code size Simulation time

MARCO (Array DAE)
MARCO (Scalar DAE)
OMC
C++

MARCO MARCO
(Array DAE) (Scalar DAE)

bmodelica
LLVM-IR
binary

OMC C++
C binary
binary

MARCO (Array DAE)
MARCO (Scalar DAE)
OMC
C++
Speedup (OMC / MARCO (Array DAE))

Si
lic
on

D
ie

Fo
rw

ar
d
Eu

le
r

103 104 105 106 107 108

100

101

102

103

104

Number of equations

Ti
m
e
[s
]

103 104 105 106 107 108

105

106

107

108

109

Number of equations

Si
ze

[B
]

103 104 105 106 107 108

100

101

102

103

104

Number of equations

Ti
m
e
[s
]

0

100

200

300

Sp
ee
du

p
(O
M
C
/M

A
RC

O
(A
rr
ay

D
A
E)
)

Si
lic
on

D
ie

ID
A

103 104 105 106 107 108

10−2

10−1

100

101

102

103

104

Number of equations

Ti
m
e
[s
]

103 104 105 106 107 108

105

106

107

108

109

Number of equations

Si
ze

[B
]

103 104 105 106 107 108

10−2

10−1

100

101

102

103

104

Number of equations

Ti
m
e
[s
]

5

10

15

20

Sp
ee
du

p
(O
M
C
/M

A
RC

O
(A
rr
ay

D
A
E)
)

H
ea
te

xc
ha
ng

er
s

Fo
rw

ar
d
Eu

le
r

103 104 105 106 107

100

101

102

103

104

Number of equations

Ti
m
e
[s
]

103 104 105 106 107

105

106

107

108

109

Number of equations

Si
ze

[B
]

103 104 105 106 107

100

101

102

103

104

Number of equations

Ti
m
e
[s
]

2

2.5

3

3.5

Sp
ee
du

p
(O
M
C
/M

A
RC

O
(A
rr
ay

D
A
E)
)

H
ea
te

xc
ha
ng

er
s

ID
A

103 104 105 106 107

10−1

100

101

102

103

104

105

Number of equations

Ti
m
e
[s
]

103 104 105 106 107

105

106

107

108

109

Number of equations

Si
ze

[B
]

103 104 105 106 107

10−1

100

101

102

103

104

105

Number of equations

Ti
m
e
[s
]

1.5

2

2.5

3

3.5

Sp
ee
du

p
(O
M
C
/M

A
RC

O
(A
rr
ay

D
A
E)
)

Fig. 4. Performance comparisons of MARCO and OMC, in terms of generated code size, compilation time,
and simulation time, with different models and solvers. In all experiments, the compilation and simulation
tasks are limited to 5 hours.
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ablation study with the scalarized version of the model again confirms that the array-preserving
approach is the key to obtain constant code sizes. The array-aware approach of MARCO produces a
final binary of approximately of 218𝐾𝐵 and 268𝐾𝐵 for Euler and IDA, whereas the results of OMC
reach 312𝑀𝐵 and 215𝑀𝐵 at ∼ 185𝐾 equations.

Finally, let us analyze the time taken by the generated binary files to perform the simulation of
the dynamic behavior of the models, shown in the rightmost column of Figure 4. Trends are similar
between the binaries generated by MARCO and OMC. This is expected since the computations,
the underlying hardware, and the data – both input and output data – are identical. A comparison
between the array-preserving and scalarized versions compiled with MARCO also confirms that
array-aware optimizations yield equal or better simulation times, thanks to improved memory
access patterns and reduced cache misses. Compared to OMC, the array-preserving model compiled
with MARCO is also consistently faster – between 5x and 300x depending on the configuration
– with respect to the one compiled with OMC. An increasing gap is nonetheless visible when
comparing both the implementations against the C++ version, and mandates future investigations
regarding runtime aspects (e.g., cache optimizations).

All the trends described are not impacted significantly by the model choice (i.e., they are the same
for both the silicon die and the heat exchangers models), with MARCO outperforming OMC in all
the considered metrics when array semantics are preserved. A little degradation in the performance
of MARCO can be observed when using IDA, due to the sparse accesses performed by the equations.
These sparse accesses translate into an increasing amount of callback functions to be given to the
runtime environment. These callbacks are needed for the DAE-specific optimizations described in
[55], which need to obtain information about the possibly non-zero partial derivatives and access
patterns of the involved variables. Nonetheless, the performance of MARCO remains significantly
better than OMC in all the considered metrics, and this last inefficiency can be addressed in future
works by improving serialization capabilities.

7 Conclusions
Wehave presented threeMLIR dialects that are usedwithin theMARCO compiler for the compilation
of a DAE model written in Base Modelica. These dialects represent the backbone of a modular
and scalar approach to design a compiler for DAE-based models and thus enable the scale up
of digital simulations in multiple engineering domains. We reserved special attention to array
variables and array equations, whose preservation throughout the compilation pipeline has been
previously identified as fundamental for large-scale modeling [8]. The ablation study in Section 6
demonstrated that the observed performance gains stem from the proposed IR design principles
– able to capture and propagate array semantics throughout the pipeline – rather than being an
inherent feature of upstream MLIR itself. Nonetheless, the MLIR technology represents the key
enabler for their implementation through its modular and extensible architecture, thus effectively
making the subsequent optimizations [24, 40] possible.
Future works include the extension to support a broader range of Base Modelica features, such

as hybrid systems modeling. Indeed, Modelica allows for the modeling of digital components as
well, a trait that enables the construction of digital twins of cyber-physical systems. This feature
requires conditional expressions – time events and state events – to be represented in an efficient
way within the compiler.

Additionally, we aim to enhance our benchmark coverage by supporting the ScalableTestSuite
project [19], which aligns well with the large-scale capabilities of MARCO. Expanding the set of
available numerical integration algorithms is also a priority.
From a performance perspective, the rich MLIR environment opens up the option to use these

abstractions to leverage heterogeneous accelerator architectures such as GPUs. In this direction,
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two initial objectives are the proper identification of the parallelizable sets of equations, and the
design of an intermediate representation capturing such information.
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