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• One of the most widely used and fastest-growing PL. 

• Now mission-critical: AI agents, robotics, healthcare, etc.

Why Python?
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Need for program analysis for correctness, safety, and speed



• Developing program analysis for Python is challenging. 

(1) Complex: Supporting its diverse features and corner 
cases requires huge engineering effort. 

(2) Implicit: Even seemingly simple operations can trigger 
intricate dynamic behaviors. 

(3) Informal:  No formal spec. Tool developers must rely on 
incomplete docs or examine the CPython implementation. 

• Consequence: Building a sound and maintainable program 
analysis for Python remains difficult.

Challenge
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• Consider a simple expression: a + b.

Example
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2 Anon.

development. In contrast to Python’s informal, complex, and implicit semantics, M!" is designed to
be formal, minimal, and explicit, yet expressive enough to capture the full language of Python:

• Formal: The semantics of M!" is formally de!ned, enabling precise reasoning about program
behavior. This allows developers and tool builders to rigorously prove program properties
such as the absence of bugs and the equivalence of original and optimized programs—
capabilities that are di"cult to achieve in Python due to its lack of formal semantics.

• Minimal: M!" is a deliberately small language that includes only the core mechanisms
essential to capture Python. This design drastically reduces the complexity of building
analysis tools and frees developers from handling Python’s extensive and intricate features.

• Explicit: In M!", every instruction and expression has a single, transparent semantics
directly re#ected in the syntax. Program behavior can be predicted simply by reading the
M!" code, without inferring hidden control #ow, implicit dispatch, or dynamic fallbacks.
This transparency eliminates many of the intricacies that complicate Python analysis.

In Sections 3 and 4, we present the design of M!", including its syntax, semantics, and translation
rules from Python. Section 6 evaluates M!" in two ways. First, we validate that M!" faithfully
captures Python’s semantics by performing di$erential testing against CPython on a comprehensive
test suite covering key language features and corner cases. Second, we demonstrate that M!"
facilitates the development of program analysis tools by re-implementing the state-of-the-art static
call-graph analyzer PyCG [36] on top of M!" (Section 5). Built on the simple and rigorous foundation
of M!", the resulting analyzer,M!"CG, improves analysis soundness by 132% while maintaining
completeness and reduces development e$ort by 51% (measured in lines of code) compared to its
original AST-based implementation.

Contributions. Our contributions are summarized as follows:
• We present M!", the !rst formally de!ned, full-language intermediate representation that
provides a principled foundation for rigorous analysis of Python programs.

• We demonstrate the practicality of M!" through (i) extensive di$erential testing against
CPython and (ii) a re-implementation of a state-of-the-art static analyzer atop M!".

2 Overview
This section illustrates the challenges in analyzing Python programs.

Challenges in Python Program Analysis. In Python, even a seemingly simple operation often
hides surprisingly complex semantics. For instance, consider the expression: a + b. What seems
to be a straightforward addition actually involves the subtle and implicit behaviors:

(1) Let A and B denote the types of a and b, respectively. If B is a subclass of A and __radd__ is
de!ned in class B, then Python calls B.__radd__(b, a).

(2) If the above conditions do not hold, or if the call returns NotImplemented, and __add__
is de!ned in A, then Python calls A.__add__(a, b).

(3) If A.__add__ is unde!ned or returns NotImplemented, and __radd__ is de!ned in B,
then B.__radd__(b, a) is called (even if B is not a subclass of A).

(4) If __radd__ is unde!ned or returns NotImplemented, a TypeError is raised.
Furthermore, since the methods such as __add__ are not necessarily functions in Python, call
expressions of the form f(x, ...) in the steps above are evaluated di$erently depending on
whether f is a function, a callable object, or neither:

(1) If f is a function, the body of the function is executed.
(2) If f is not a function and it is not a callable object (the type of f does not de!ne __call__),

a TypeError is raised.

Even analyzing a+b involves more than a dozen semantic cases
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M!": A Formal and Minimal Intermediate Representation for
Rigorous Python Program Analysis
ANONYMOUS AUTHOR(S)

We presentM!", the !rst formally de!ned, full-language intermediate representation (IR) that enables rigorous
reasoning about Python programs. As Python continues to power high-performance and safety-critical
systems, the need for principled reasoning tools has grown sharply. Yet, developing such tools in practice
remains notoriously di"cult because the language is large, complex, and semantically implicit, yet lacks a
precise speci!cation. M!" addresses these challenges by providing a minimal and explicit language whose
formally de!ned semantics makes all key e#ects—such as allocation, binding, dispatch, and scope—transparent
and analyzable. We formally specifyM!"’s syntax and operational semantics, de!ne a semantics-preserving
translation from Python to M!", and evaluate it through (i) di#erential testing against CPython and (ii) a
reimplementation of a state-of-the-art static analyzer for Python atop M!", demonstrating that M!" simpli!es
tool development while increases the rigor of the resulting analysis.

1 Overview
This section illustrates the challenges in analyzing Python programs.

Challenges in Python Program Analysis. In Python, even a seemingly simple operation often
hides surprisingly complex semantics. For instance, consider the expression: a + b. What seems
to be a straightforward addition actually involves the subtle and implicit behaviors:

(1) Let A and B denote the types of a and b, respectively. If B is a subclass of A and __radd__ is
de!ned in class B, then Python calls B.__radd__(b, a).

(2) If the above conditions do not hold, or if the call returns NotImplemented, and __add__
is de!ned in A, then Python calls A.__add__(a, b).

(3) If A.__add__ is unde!ned or returns NotImplemented, and __radd__ is de!ned in B,
then B.__radd__(b, a) is called (even if B is not a subclass of A).

(4) If __radd__ is unde!ned or returns NotImplemented, a TypeError is raised.
Furthermore, since the methods such as __add__ are not necessarily functions in Python, call
expressions of the form f(x, ...) in the steps above are evaluated di#erently depending on
whether f is a function, a callable object, or neither:

(1) If f is a function, the body of the function is executed.
(2) If f is not a function and it is not a callable object (the type of f does not de!ne __call__),

a TypeError is raised.
(3) If f is not a function but de!nes __call__, and __call__ is a function, then __call__(f,
x, ...) is evaluated by executing the body of the function.

(4) If f is not a function, de!nes __call__, and __call__ is not a function, then __call__(x,
...) is evaluated recursively by going back to step 2.

Thus, analyzing the expression a + b requires developers to consider more than a dozen distinct
cases. What makes matters worse is that Python lacks a formal de!nition of such semantics—its be-
havior is described only in informal natural language. As a result, rigorous reasoning about Python
code is challenging: developers must navigate extensive documentation that is often incomplete,
ambiguous, or internally inconsistent, and ultimately resort to inspecting the CPython implemen-
tation. In addition, Python’s language design is vast, encompassing features such as generators,
coroutines, metaclasses, and dynamic attribute access. Consequently, developing program analysis
tools for Python remains an exceptionally di"cult task that demands substantial e#ort.

• Call expression f(x,…) behaves differently depending on 
whether f is a function, a callable object, or neither:



• Most, if not all, existing program analysis tools built on top 
of Python AST fail to correctly analyze Python programs. 

• Example 1: Static call graph analysis (pointer analysis)

Limitation of Existing Analysis Tools
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M!": A Formal and Minimal Intermediate Representation for Rigorous Python Program Analysis 3

1 class A:
2 def __add__(self, other):
3 return self
4
5 class B(A):
6 def __radd__(self, other):
7 return self
8
9 a = A()

10 b = B()

11 assert (a + b) == b # True

(a) Example program

A.__add__

B.__radd__

__main__

(b) Ground-truth call graph

A.__add__

B.__radd__

__main__

(c) Call graph generated by PyCG [36]

A.__add__

B.__radd__

__main__

(d) Call graph generated by Pyright [22]

Fig. 1. Example program (le!) and its call graphs (right). Existing tools fail to correctly capture that a + b
invokes B.__radd__, and consequently cannot prove the assertion at line 11.

(3) If f is not a function but de!nes __call__, and __call__ is a function, then __call__(f,
x, ...) is evaluated by executing the body of the function.

(4) If f is not a function, de!nes __call__, and __call__ is not a function, then __call__(x,
...) is evaluated recursively by going back to step 2.

Thus, analyzing the expression a + b requires developers to consider more than a dozen distinct
cases. What makes matters worse is that Python lacks a formal de!nition of such semantics—its be-
havior is described only in informal natural language. As a result, rigorous reasoning about Python
code is challenging: developers must navigate extensive documentation that is often incomplete,
ambiguous, or internally inconsistent, and ultimately resort to inspecting the CPython implemen-
tation. In addition, Python’s language design is vast, encompassing features such as generators,
coroutines, metaclasses, and dynamic attribute access. Consequently, developing program analysis
tools for Python remains an exceptionally di"cult task that demands substantial e#ort.

Limitations of Existing Analysis Tools. Consequently, existing Python analysis tools [10, 20,
22, 32, 36] struggle to handle the language’s inherent complex and implicit semantics. Consider the
program in Figure 1a. Because B is a subclass of A and de!nes its own radd method (rather than
inheriting it from A), Python prioritizes the re$ected addition (__radd__) in B over the standard
addition (__add__) in A. This re$ection mechanism enables subclasses to intercept and customize
operations involving their parent classes, which is a powerful yet implicit feature that is overlooked
by most existing tools.
For example, state-of-the-art tools such as PyCG [36] and Pyright [22] fail to accurately track

the method calls invoked by the expression a + b, either missing feasible program behaviors or
introducing spurious ones. Figure 1b shows the ground-truth call graph of the program in Figure 1a,
where the main entry (__main__) invokes B.__radd__. By contrast, PyCG, a recent static call-graph
analyzer, produces the call graph in Figure 1c, which omits the edge from the main entry to
A.__radd__. Similarly, Pyright, an industrial static type analysis tool [22], generates the call graph
in Figure 1d, which incorrectly includes A.__add__ while still missing the edge to B.__radd__.

Pyright (Microsoft)
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1 class A:
2 def __add__(self, other):
3 return self
4
5 class B(A):
6 def __radd__(self, other):
7 return self
8
9 a = A()

10 b = B()

11 assert (a + b) == b # True

(a) Example program

A.__add__

B.__radd__

__main__

(b) Ground-truth call graph

A.__add__

B.__radd__

__main__

(c) Call graph generated by PyCG [36]

A.__add__

B.__radd__

__main__

(d) Call graph generated by Pyright [22]

Fig. 1. Example program (le!) and its call graphs (right). Existing tools fail to correctly capture that a + b
invokes B.__radd__, and consequently cannot prove the assertion at line 11.

(3) If f is not a function but de!nes __call__, and __call__ is a function, then __call__(f,
x, ...) is evaluated by executing the body of the function.

(4) If f is not a function, de!nes __call__, and __call__ is not a function, then __call__(x,
...) is evaluated recursively by going back to step 2.

Thus, analyzing the expression a + b requires developers to consider more than a dozen distinct
cases. What makes matters worse is that Python lacks a formal de!nition of such semantics—its be-
havior is described only in informal natural language. As a result, rigorous reasoning about Python
code is challenging: developers must navigate extensive documentation that is often incomplete,
ambiguous, or internally inconsistent, and ultimately resort to inspecting the CPython implemen-
tation. In addition, Python’s language design is vast, encompassing features such as generators,
coroutines, metaclasses, and dynamic attribute access. Consequently, developing program analysis
tools for Python remains an exceptionally di"cult task that demands substantial e#ort.

Limitations of Existing Analysis Tools. Consequently, existing Python analysis tools [10, 20,
22, 32, 36] struggle to handle the language’s inherent complex and implicit semantics. Consider the
program in Figure 1a. Because B is a subclass of A and de!nes its own radd method (rather than
inheriting it from A), Python prioritizes the re$ected addition (__radd__) in B over the standard
addition (__add__) in A. This re$ection mechanism enables subclasses to intercept and customize
operations involving their parent classes, which is a powerful yet implicit feature that is overlooked
by most existing tools.
For example, state-of-the-art tools such as PyCG [36] and Pyright [22] fail to accurately track

the method calls invoked by the expression a + b, either missing feasible program behaviors or
introducing spurious ones. Figure 1b shows the ground-truth call graph of the program in Figure 1a,
where the main entry (__main__) invokes B.__radd__. By contrast, PyCG, a recent static call-graph
analyzer, produces the call graph in Figure 1c, which omits the edge from the main entry to
A.__radd__. Similarly, Pyright, an industrial static type analysis tool [22], generates the call graph
in Figure 1d, which incorrectly includes A.__add__ while still missing the edge to B.__radd__.

Ground-truth
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1 class A:
2 def __add__(self, other):
3 return self
4
5 class B(A):
6 def __radd__(self, other):
7 return self
8
9 a = A()

10 b = B()

11 assert (a + b) == b # True

(a) Example program

A.__add__

B.__radd__

__main__

(b) Ground-truth call graph

A.__add__

B.__radd__

__main__

(c) Call graph generated by PyCG [36]

A.__add__

B.__radd__

__main__

(d) Call graph generated by Pyright [22]

Fig. 1. Example program (le!) and its call graphs (right). Existing tools fail to correctly capture that a + b
invokes B.__radd__, and consequently cannot prove the assertion at line 11.

(3) If f is not a function but de!nes __call__, and __call__ is a function, then __call__(f,
x, ...) is evaluated by executing the body of the function.

(4) If f is not a function, de!nes __call__, and __call__ is not a function, then __call__(x,
...) is evaluated recursively by going back to step 2.

Thus, analyzing the expression a + b requires developers to consider more than a dozen distinct
cases. What makes matters worse is that Python lacks a formal de!nition of such semantics—its be-
havior is described only in informal natural language. As a result, rigorous reasoning about Python
code is challenging: developers must navigate extensive documentation that is often incomplete,
ambiguous, or internally inconsistent, and ultimately resort to inspecting the CPython implemen-
tation. In addition, Python’s language design is vast, encompassing features such as generators,
coroutines, metaclasses, and dynamic attribute access. Consequently, developing program analysis
tools for Python remains an exceptionally di"cult task that demands substantial e#ort.

Limitations of Existing Analysis Tools. Consequently, existing Python analysis tools [10, 20,
22, 32, 36] struggle to handle the language’s inherent complex and implicit semantics. Consider the
program in Figure 1a. Because B is a subclass of A and de!nes its own radd method (rather than
inheriting it from A), Python prioritizes the re$ected addition (__radd__) in B over the standard
addition (__add__) in A. This re$ection mechanism enables subclasses to intercept and customize
operations involving their parent classes, which is a powerful yet implicit feature that is overlooked
by most existing tools.
For example, state-of-the-art tools such as PyCG [36] and Pyright [22] fail to accurately track

the method calls invoked by the expression a + b, either missing feasible program behaviors or
introducing spurious ones. Figure 1b shows the ground-truth call graph of the program in Figure 1a,
where the main entry (__main__) invokes B.__radd__. By contrast, PyCG, a recent static call-graph
analyzer, produces the call graph in Figure 1c, which omits the edge from the main entry to
A.__radd__. Similarly, Pyright, an industrial static type analysis tool [22], generates the call graph
in Figure 1d, which incorrectly includes A.__add__ while still missing the edge to B.__radd__.

PyCG (ICSE 2021*)

* Salis et al. PyCG: Practical Call Graph Generation in Python. ICSE 2021
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1 class A:
2 def __add__(self, other):
3 return self
4
5 class B(A):
6 def __radd__(self, other):
7 return self
8
9 a = A()

10 b = B()

11 assert (a + b) == a # False

(a) Example program

A.__add__

B.__radd__

__main__

(b) Ground-truth call graph

A.__add__

B.__radd__

__main__

(c) Call graph generated by PyCG [36]

A.__add__

B.__radd__

__main__

(d) Call graph generated by Pyright [22]

Fig. 1. Example program (le!) and its call graphs (right). Existing tools fail to correctly capture that a + b
invokes B.__radd__, and consequently cannot prove the assertion at line 11.

(3) If f is not a function but de!nes __call__, and __call__ is a function, then __call__(f,
x, ...) is evaluated by executing the body of the function.

(4) If f is not a function, de!nes __call__, and __call__ is not a function, then __call__(x,
...) is evaluated recursively by going back to step 2.

Thus, analyzing the expression a + b requires developers to consider more than a dozen distinct
cases. What makes matters worse is that Python lacks a formal de!nition of such semantics—its be-
havior is described only in informal natural language. As a result, rigorous reasoning about Python
code is challenging: developers must navigate extensive documentation that is often incomplete,
ambiguous, or internally inconsistent, and ultimately resort to inspecting the CPython implemen-
tation. In addition, Python’s language design is vast, encompassing features such as generators,
coroutines, metaclasses, and dynamic attribute access. Consequently, developing program analysis
tools for Python remains an exceptionally di"cult task that demands substantial e#ort.

Limitations of Existing Analysis Tools. Consequently, existing Python analysis tools [10, 20,
22, 32, 36] struggle to handle the language’s inherent complex and implicit semantics. Consider the
program in Figure 1a. Because B is a subclass of A and de!nes its own radd method (rather than
inheriting it from A), Python prioritizes the re$ected addition (__radd__) in B over the standard
addition (__add__) in A. This re$ection mechanism enables subclasses to intercept and customize
operations involving their parent classes, which is a powerful yet implicit feature that is overlooked
by most existing tools.
For example, state-of-the-art tools such as PyCG [36] and Pyright [22] fail to accurately track

the method calls invoked by the expression a + b, either missing feasible program behaviors or
introducing spurious ones. Figure 1b shows the ground-truth call graph of the program in Figure 1a,
where the main entry (__main__) invokes B.__radd__. By contrast, PyCG, a recent static call-graph
analyzer, produces the call graph in Figure 1c, which omits the edge from the main entry to
A.__radd__. Similarly, Pyright, an industrial static type analysis tool [22], generates the call graph
in Figure 1d, which incorrectly includes A.__add__ while still missing the edge to B.__radd__.



• Example 2: Building a sound program verifier on top of 
Python AST is notoriously difficult, e.g., 

Limitation of Existing Analysis Tools

6

“Buggy” program

* Marco Eilers and Peter Müller. Nagini: A Static Verifier for Python. CAV 2018
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1 class A:
2 def __add__(self, other):
3 return self
4
5 class B(A):
6 def __radd__(self, other):
7 return self
8
9 a = A()

10 b = B()

11 assert (a + b) == a # False

(a) Example program

A.__add__

B.__radd__

__main__

(b) Ground-truth call graph

A.__add__

B.__radd__

__main__

(c) Call graph generated by PyCG [36]

A.__add__

B.__radd__

__main__

(d) Call graph generated by Pyright [22]

Fig. 1. Example program (le!) and its call graphs (right). Existing tools fail to correctly capture that a + b
invokes B.__radd__, and consequently cannot prove the assertion at line 11.

(3) If f is not a function but de!nes __call__, and __call__ is a function, then __call__(f,
x, ...) is evaluated by executing the body of the function.

(4) If f is not a function, de!nes __call__, and __call__ is not a function, then __call__(x,
...) is evaluated recursively by going back to step 2.

Thus, analyzing the expression a + b requires developers to consider more than a dozen distinct
cases. What makes matters worse is that Python lacks a formal de!nition of such semantics—its be-
havior is described only in informal natural language. As a result, rigorous reasoning about Python
code is challenging: developers must navigate extensive documentation that is often incomplete,
ambiguous, or internally inconsistent, and ultimately resort to inspecting the CPython implemen-
tation. In addition, Python’s language design is vast, encompassing features such as generators,
coroutines, metaclasses, and dynamic attribute access. Consequently, developing program analysis
tools for Python remains an exceptionally di"cult task that demands substantial e#ort.

Limitations of Existing Analysis Tools. Consequently, existing Python analysis tools [10, 20,
22, 32, 36] struggle to handle the language’s inherent complex and implicit semantics. Consider the
program in Figure 1a. Because B is a subclass of A and de!nes its own radd method (rather than
inheriting it from A), Python prioritizes the re$ected addition (__radd__) in B over the standard
addition (__add__) in A. This re$ection mechanism enables subclasses to intercept and customize
operations involving their parent classes, which is a powerful yet implicit feature that is overlooked
by most existing tools.
For example, state-of-the-art tools such as PyCG [36] and Pyright [22] fail to accurately track

the method calls invoked by the expression a + b, either missing feasible program behaviors or
introducing spurious ones. Figure 1b shows the ground-truth call graph of the program in Figure 1a,
where the main entry (__main__) invokes B.__radd__. By contrast, PyCG, a recent static call-graph
analyzer, produces the call graph in Figure 1c, which omits the edge from the main entry to
A.__radd__. Similarly, Pyright, an industrial static type analysis tool [22], generates the call graph
in Figure 1d, which incorrectly includes A.__add__ while still missing the edge to B.__radd__.

Sound 
Verifier

Nagini (CAV 
2018*)

Verification 
Succeeded 

(Unintentionally)

Verification 
Failed



• Our Solution: MIR, a formal, minimal, and explicit IR.  

• Formal: Precise, mathematical reasoning is now possible  

• Minimal: Frees developers from huge implementation burden 

• Explicit: Eliminates subtleties that complicate static reasoning

Goal: Easy and Rigorous Python Analysis
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Python

As-Is To-Be

Python-to-MIR Compiler

Informal, complex, and implicit Formal, minimal, and explicit

MIR

PyCG

Unsound

Nagini PyCG Nagini

Sound



• How a + b is translated into MIR (excerpted):

Example
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Initialization

Inheritance and re!ected addition

BIND %left = a

BIND %right = b

ALLOC %result = NotImplemented

ASSUME %left["__class__"] != %right["__class__"]
ALLOC %args = [%right["__class__"]["__mro__"], %left["__class__"]]

ALLOC %kwargs = {}

CALL %check = tuple["__contains__"]["__call__"](%args, %kwargs)

ASSUME %check

ASSUME "__radd__" in %right["__class__"]

Fig. 2. How “a + b” in Fig. 1a is represented inM!" (excerpted)

Rigorous yet Simple Analysis with M!". M!" is designed to address these challenges. Figure 2
shows the M!" program corresponding to the Python expression a + b. Unlike Python, which
encodes the semantics of + in terms of implicit dynamic dispatch,M!" makes every step explicit
and analyzable—including method lookup, NotImplemented fallback, and error handling—while
using only a minimal set of language constructs.

The resulting program is both simple and transparent, relying solely on core constructs such as
allocations and function calls. By analyzing M!" programs rather than raw Python, tool developers
can therefore avoid the intricacies of Python’s semantics and instead target a small, formal, and
explicit language. This substantially reduces engineering e"ort and enables more rigorous analysis.
For example, when we re-implemented PyCG [36] atop M!" without modifying its underlying
algorithm, the resulting implementation, M!"CG, precisely reproduced the ground-truth call graph
shown in Figure 1b, while reducing development e"ort (We detail this in Section 6).

3 M!"
This section presents M!": design principles (§ 3.1), syntax (§ 3.2), and semantics (§ 3.3).

3.1 Design Principles
Before formally presenting M!", we outline its main design principles with examples.

Memory Allocation and Binding. To simplify reasoning about side e"ects and aliasing,M!"
distinguishes between memory allocation and binding. Consider the following Python snippet:

1 l = [1, 2, 3] # Allocates a new list object.

In Python, this single line performs two separate actions:
(1) [1, 2, 3]: computes a new list object and allocates it in memory;
(2) l = ...: binds the list object to the variable l in the current environment.

InM!", these e"ects are made explicit using the ALLOC and BIND instructions:

1 ALLOC temp = () # Allocate a new list object
2 ... # Set the class to 'list' and append 1, 2, and 3

3 BIND l = temp # Bind the list to variable 'l'
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𝐿 → skip (skip)
| assume(𝑀) (prune / assume)
| alloc(𝑁, 𝑀) (allocation)
| bind(𝑂1, 𝑂2) (binding / aliasing)
| env(𝑁) (environment)
| del(𝑂) (delete reference)
| call(𝑁, 𝑀, 𝑂1, 𝑂2) (function call)

𝑂 → 𝑁 (variable)
| 𝑂[𝑀] (attribute access)

𝑀 → {} (new object)
| 𝑃 | 𝑄 | 𝑅 (literals)
| 𝑆(𝑇,𝑈, 𝑉).(𝑊, 𝑋) (lambda)
| [𝑂1, · · · , 𝑂𝐿] (list literal)
| {𝑁1 : 𝑂1, · · · , 𝑁𝐿 : 𝑂𝐿} (dict literal)
| 𝑂 (l-value)
| ¬𝑀 (logical negation)
| len(𝑀) (size / length)
| 𝑀1 ↑ 𝑀2 (binary operation)

↑ → + | ↓ | = | < | ↔ | in (binary operators)

Fig. 3. Syntax of M!". Instructions (𝐿 ), expressions (𝑀), l-values (𝑂), and operators (↑), where 𝑃, 𝑄, and 𝑅 denote
a boolean, an integer, and a string, respectively, and other symbols (𝑁 , 𝑇, 𝑈 , 𝑉 , and 𝑋) denote identifiers.

Expressions. Expressions (𝑀) are side-e!ect free. They include primitive literals such as booleans
(𝑃), integers (𝑄), and strings (𝑅), as well as compound data constructors such as lists ([𝑂1, . . . , 𝑂𝐿])
and dictionaries ({𝑁1 : 𝑂1, . . . , 𝑁𝐿 : 𝑂𝐿}). Expressions also include object creation ({}), lambdas
(𝑆(𝑇,𝑈, 𝑉).(𝑊, 𝑋)), logical negation (¬𝑀), length (len(𝑀)), arithmetic and comparison operations
(𝑀1 ↑ 𝑀2), as well as the dereference of l-values (𝑂). A lambda expression 𝑆(𝑇,𝑈, 𝑉).(𝑊, 𝑋) carries
three parameters: 𝑇 refers to the positional parameters, 𝑈 the keyword parameters, and 𝑉 the parent
environment. Its body is represented by a control-"ow graph (𝑊), and 𝑋 denotes the return variable.

L-values. L-values (𝑂) denote memory locations, and consist of variables (𝑁) and attribute
accesses (𝑂[𝑀]). Binary operators (↑) include arithmetic operators such as addition and subtraction
(+, ↓), comparison operators (<, =), logical disjunction (↔), and membership tests (in). For brevity,
we omit some operators; the complete set includes ↗, ÷, ↘, and ≃ as well.

3.3 Semantics
Notations. List values are written as ⇐𝑌1, . . . , 𝑌𝐿⇒, where each 𝑌𝑀 denotes a location. Maps—

including objects, dictionaries, and environments—are written as [ 𝑁1 ⇑→ 𝑌1, . . . , 𝑁𝐿 ⇑→ 𝑌𝐿 ], where
each 𝑁𝑀 is a key (e.g., a variable or string) and each 𝑌𝑀 is a location. The empty map is denoted by [ ].
Given a map𝑍, we write [ 𝑁 ⇑→ 𝑎 ]𝑍 for the map obtained by updating𝑍 so that 𝑁 is bound to 𝑎 ,
and𝑍 \ {𝑁} for the map obtained by removing the entry for 𝑁 .

Semantic Domains. The semantic domains of M!" are de#ned in Figure 4. Primitive values
consist of booleans (B), integers (Z), and strings (S). An environment 𝑏 ⇓ Env maps variable names
to memory addresses, and memory 𝑐 ⇓ Memory maps addresses to values. Since environments
are #rst-class citizens in M!", an environment itself can be stored as a value in memory. Lists
𝑑 ⇓ List and maps 𝑒 ⇓ Dict are collections of addresses rather than immediate values. Lists store
the addresses of their elements, while maps associate attribute names with addresses.
In M!", objects 𝑓 ⇓ Obj are mappings from attribute names to addresses, closely mirroring

Python’s highly dynamic object model that supports runtime modi#cation and introspection. This
design allowsM!" to faithfully emulate Python’s behavior, including dynamic attribute addition
and deletion, as well as class reassignment at runtime. We deliberately restrict attribute names
to variable names. Although Python permits arbitrary objects as attribute names, such cases are
exceedingly rare in practice and often lead to runtime errors (e.g., the built-in function dir fails
when encountering non-variable attribute names). By restricting attribute names,M!" signi#cantly
simpli#es the semantics without loss of practical expressiveness.

• Key design principles 
• Separation of memory allocation and binding 

• Unified representation of function calls  

• Faithful modeling of objects 

• Environments as first-class values
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𝐿 → Id = S
𝑀 → Env = Id ↑ Addr
𝑁 → Memory = Addr ↑ Val
𝑂 → Val = Primitive + List + Dict +Obj + Closure + Env
𝑃 → Primitive = B + Z + S
𝑄 → Obj = Id ↑ Addr
𝑅 → List = Addr↓

𝑆 → Dict = Id ↑ Addr
↔𝑇(𝑈,𝑉, 𝑊) .(𝑋, 𝑌), 𝑍Env↗ → Closure = Id ↘ Id ↘ Id ↘ Cfg ↘ Id ↘ AddrEnv

𝑍 → Addr (memory addresses)
𝑍Env → AddrEnv (addresses that store environments)

Fig. 4. Semantic domains of M!". Environments (Env) map variables to addresses, memory (Memory) maps
addresses to values, and values (Val) consist of primitives, lists, maps, objects, addresses, closures, and
environments. Each closures consists of a lambda expression and an address of the parent environment.

A closure ↔𝑇(𝑈,𝑉, 𝑊).(𝑋, 𝑌), 𝑍Env↗ → Closure consists of a lambda expression (𝑇(𝑈,𝑉, 𝑊).(𝑋, 𝑌)) and
an address of the parent environment (𝑍Env). Here 𝑍Env ranges over a distinguished set of addresses
AddrEnv, which denote locations in memory that store environments. In principle, it is unnecessary
to distinguish these addresses from ordinary ones, but we separate them for readability.

Program. Executing a program 𝑎 = 𝑋entry corresponds to evaluating the CFG of the entry
function under the initial environment and memory:

𝑍Env, [𝑍Env ≃↑ 𝑀0] ⇐ 𝑋entry ⊋ 𝑁 ⇒,

where the initial environment 𝑀0 is the empty map and 𝑍Env denotes a fresh location. The semantics
of a control-!ow graph 𝑋 = (V, E, ventry, vexit) is de"ned by the following rule:

CFG!E"#$
(ventry,𝑁) !↓ (vexit,𝑁 ⇒)

𝑍Env,𝑁 ⇐ 𝑋 ⊋ 𝑁 ⇒

where (!) denotes the small-step transition relation between graph con"gurations:

(v1,𝑁1) ! (v2,𝑁2) ⇑⇓ (v1, v2) → E ⇔ 𝑍Env,𝑁1 ⇐ instr (v2) =⇓ 𝑁2.

Intuitively, evaluation proceeds by following the edges of the CFG and executing the instruction at
each node, until the exit node is reached.

Instructions. The inference rules for instruction semantics are given in Figure 5. Given an
environment location 𝑍Env and a memory state 𝑁 , each instruction 𝑏 transforms the memory state
to 𝑁 ⇒, written as 𝑍Env,𝑁 ⇐ 𝑏 =⇓ 𝑁 ⇒ . The rule I!S%&’ leaves the memory unchanged. The rule I!
A(()*+ checks a guard expression, and the instruction proceeds only if the guard evaluates to
true; otherwise, the execution path is pruned.
The rule I!A$$,- allocates a fresh memory location 𝑍 ⇒ for the variable 𝐿 and initializes it with

the value (𝑂) of the given expression 𝑐, updating both the memory and the environment. Binding is
described by I!B&./V#0 and I!B&./A110. The rule I!B&./V#0 creates an alias from a new variable
to an existing location. Given an l-value 𝑑 that evaluates to a location 𝑍 , it extends the current
environment at 𝑍Env by mapping the variable 𝐿 to 𝑍 . Thus, both 𝐿 and 𝑑 refer to the same memory
cell at 𝑍 . The rule I!B&./A110 achieves the same e#ect for container attributes, aliasing a key within
a container to an existing location. The rule I!E."R+2 explicitly exposes the current environment
as a "rst-class value, allowing variables to be linked back to their enclosing environment.

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

10 Anon.

EnvUpdate(𝐿, 𝑀Env, 𝑁, 𝑀) = [ 𝑀Env →↑ [ 𝑁 →↑ 𝑀 ] 𝐿 (𝑀Env) ]𝐿

ConUpdate(𝐿, 𝑀, 𝑂, 𝑀 ↓) =

{
[ 𝑀 →↑ ↔𝑃1, . . . ,𝑃𝐿↗1, 𝑀 ↓,𝑃𝐿+1, . . . ,𝑃 |𝑀 |↘ ]𝐿 if 𝑃 = 𝐿 (𝑀) ≃ List, 𝑂 ≃ Z, 1 ⇐ 𝑂 ⇐ |𝑃 |
[ 𝑀 →↑ [ 𝑂 →↑ 𝑀 ↓] 𝑃 ]𝐿 if 𝑃 = 𝐿 (𝑀) ≃ Dict ⇒Obj ⇒ Env, 𝑂 ≃ S

(a) Auxiliary Functions

I!S"#$
𝑀Env,𝐿 ⇑ skip =⇓ 𝐿

I!A%%&’(
𝑀Env,𝐿 ⇑ 𝑄 ⇔ true

𝑀Env,𝐿 ⇑ assume(𝑄) =⇓ 𝐿

I!A))*+
𝑀 ↓ ω Dom(𝐿) 𝑀Env,𝐿 ⇑ 𝑄 ⇔ 𝑃

𝑀Env,𝐿 ⇑ alloc(𝑁, 𝑄) =⇓ EnvUpdate( [ 𝑀 ↓ →↑ 𝑃 ]𝐿, 𝑀Env, 𝑁, 𝑀 ↓)

I!B#,-V./
𝑀Env,𝐿 ⇑ 𝑅 𝐿↑ 𝑀

𝑀Env,𝐿 ⇑ bind(𝑁, 𝑅) =⇓ EnvUpdate(𝐿, 𝑀Env, 𝑁, 𝑀)

I!B#,-A00/
𝑀Env,𝐿 ⇑ 𝑅1 𝐿↑ 𝑀1 𝑀Env,𝐿 ⇑ 𝑄 ⇔ 𝑂 𝑀Env,𝐿 ⇑ 𝑅2 𝐿↑ 𝑀2

𝑀Env,𝐿 ⇑ bind(𝑅1 [𝑄], 𝑅2) =⇓ ConUpdate(𝐿, 𝑀1, 𝑂, 𝑀2)
I!E,1R(2

𝑀Env,𝐿 ⇑ env(𝑁) =⇓ EnvUpdate(𝐿, 𝑀Env, 𝑁, 𝑀Env)

I!D()V./
𝐿 (𝑀Env) = 𝑆 𝑁 ≃ Dom(𝑆)

𝑀Env,𝐿 ⇑ del(𝑁) =⇓ [ 𝑀Env →↑ 𝑆 \ {𝑁} ]𝐿

I!D()L#%0
𝑀Env,𝐿 ⇑ 𝑅 𝐿↑ 𝑀 𝐿 (𝑀) = 𝑇 𝑀Env,𝐿 ⇑ 𝑄 ⇔ 𝑈 𝑈 ⇐ |𝑇 |

𝑀Env,𝐿 ⇑ del(𝑅[𝑄]) =⇓ [ 𝑀 →↑ ↔𝑇1, . . . , 𝑇𝑁↗1, 𝑇𝑁+1, . . . , 𝑇 |𝑂 |↘ ]𝐿

I!D()M.$
𝑀Env,𝐿 ⇑ 𝑅 𝐿↑ 𝑀 𝐿 (𝑀) = 𝑃 𝑃 ≃ Dict ⇒Obj ⇒ Env 𝑀Env,𝐿 ⇑ 𝑄 ⇔ 𝑉 𝑉 ≃ Dom(𝑃)

𝑀Env,𝐿 ⇑ del(𝑅[𝑄]) =⇓ [ 𝑀 →↑ 𝑃 \ {𝑉} ]𝐿

I!C.))

𝑀 ↓Env ω Dom(𝐿) 𝑀Env,𝐿 ⇑ 𝑄 ⇔ ↔𝑊(𝑋,𝑌, 𝑍) .(𝑎, 𝑏), 𝑀 ↓↓Env↘
𝑀Env,𝐿 ⇑ 𝑅1 𝐿↑ 𝑀1 𝑀Env,𝐿 ⇑ 𝑅2 𝐿↑ 𝑀2 𝑀 ↓Env, [ 𝑀 ↓Env →↑ [ 𝑋 →↑ 𝑀1, 𝑌 →↑ 𝑀2, 𝑍 →↑ 𝑀 ↓↓Env ] ]𝐿 ⇑ 𝑎 ⊋ 𝐿 ↓

𝑀Env,𝐿 ⇑ call(𝑁, 𝑄, 𝑅1, 𝑅2) =⇓ EnvUpdate(𝐿 ↓, 𝑀Env, 𝑁,𝐿
↓ (𝑀 ↓Env) (𝑏))

(b) Inference Rules

Fig. 5. Semantics of instructions.

The rules I!D()V./, I!D()L#%0, and I!D()M.$ remove entries from their respective container
types: variables from environments, elements from lists, and entries from maps (dictionaries,
objects, and referenced environments). The rule I!C.)) de!nes function calls. In this rule, the
callee expression 𝑄 is !rst evaluated to a closure value ↔𝑊(𝑋,𝑌, 𝑍).(𝑎, 𝑏), 𝑀 ↓↓Env↘. A fresh environment
location 𝑀 ↓Env is then allocated, and the argument containers—evaluated from the caller’s l-values 𝑅1
and 𝑅2—are bound to 𝑋 and 𝑌 in 𝑀 ↓Env , together with a link to the parent 𝑀 ↓↓Env . The callee’s CFG 𝑎 is
executed under this environment (stored at 𝑀 ↓Env), producing an updated memory 𝐿 ↓. The return
value is then read from 𝐿 ↓ (𝑀 ↓Env) (𝑏) and bound in the caller’s context to a variable 𝑁 .

Expressions. The semantics of expressions is presented in Figure 6. Given an environment
location 𝑀Env and a memory state 𝐿 , an expression 𝑄 evaluates to a value 𝑃 ≃ Val, written as
𝑀Env,𝐿 ⇑ 𝑄 ⇔ 𝑃 . Object creation ({}) yields a fresh empty object map (E!N(3O45). Primitive literals
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E!N"#O$%
𝐿Env,𝑀 → {} ↑ [ ]

E!B&&’
𝐿Env,𝑀 → 𝑁 ↑ 𝑁

E!I()
𝐿Env,𝑀 → 𝑂 ↑ 𝑂

E!S)*+(,
𝐿Env,𝑀 → 𝑃 ↑ 𝑃

E!L-.$/-
𝐿Env,𝑀 → 𝑄(𝑅,𝑆, 𝑇).(𝑈, 𝑉) ↑ ↓𝑄(𝑅,𝑆, 𝑇).(𝑈, 𝑉), 𝐿Env↔

E!L+0)
𝐿Env,𝑀 → 𝑊1 𝐿↗ 𝐿1 · · · 𝐿Env,𝑀 → 𝑊𝐿 𝐿↗ 𝐿𝐿

𝐿Env,𝑀 → [𝑊1, · · · , 𝑊𝐿] ↑ ↓𝐿1, · · · , 𝐿𝐿↔

E!M-1
𝐿Env,𝑀 → 𝑊1 𝐿↗ 𝐿1 · · · 𝐿Env,𝑀 → 𝑊𝐿 𝐿↗ 𝐿𝐿

𝐿Env,𝑀 → {𝑋1 : 𝑊1, · · · , 𝑋𝐿 : 𝑊𝐿} ↑ [𝑋1 ↘↗ 𝐿1, · · · , 𝑋𝐿 ↘↗ 𝐿𝐿]
E!D"*"2

𝐿Env,𝑀 → 𝑊 𝐿↗ 𝐿

𝐿Env,𝑀 → 𝑊 ↑ 𝑀 (𝐿)

E!S+3"L+0)
𝐿Env,𝑀 → 𝑌 ↑ 𝑍

𝐿Env,𝑀 → len(𝑌) ↑ |𝑍 |
E!S+3"M-1

𝐿Env,𝑀 → 𝑌 ↑ 𝑎 𝑎 ≃ Dict ⇐Obj ⇐ Env

𝐿Env,𝑀 → len(𝑌) ↑ |Dom(𝑎) |

E!A//I()
𝐿Env,𝑀 → 𝑌1 ↑ 𝑂1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑂2

𝐿Env,𝑀 → 𝑌1 + 𝑌2 ↑ 𝑂1 + 𝑂2
E!A//S)*

𝐿Env,𝑀 → 𝑌1 ↑ 𝑃1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑃2

𝐿Env,𝑀 → 𝑌1 + 𝑌2 ↑ 𝑃1𝑃2

E!A//L+0)
𝐿Env,𝑀 → 𝑌1 ↑ 𝑍1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑍2

𝐿Env,𝑀 → 𝑌1 + 𝑌2 ↑ 𝑍1 ++ 𝑍2
E!E4B&&’

𝐿Env,𝑀 → 𝑌1 ↑ 𝑁1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑁2

𝐿Env,𝑀 → 𝑌1 = 𝑌2 ↑ 𝑁1 = 𝑁2

E!E4I()
𝐿Env,𝑀 → 𝑌1 ↑ 𝑂1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑂2

𝐿Env,𝑀 → 𝑌1 = 𝑌2 ↑ 𝑂1 = 𝑂2
E!E4S)*

𝐿Env,𝑀 → 𝑌1 ↑ 𝑃1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑃2

𝐿Env,𝑀 → 𝑌1 = 𝑌2 ↑ 𝑃1 = 𝑃2

E!E4O$%
𝐿Env,𝑀 → 𝑌1 ↑ 𝑏1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑏2

𝐿Env,𝑀 → 𝑌1 = 𝑌2 ↑ Dom(𝑏1) = Dom(𝑏2) ⇒ ⇑𝑋 ≃ Dom(𝑏1).𝑏1 (𝑋) = 𝑏2 (𝑋)

E!L)I()
𝐿Env,𝑀 → 𝑌1 ↑ 𝑂1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑂2

𝐿Env,𝑀 → 𝑌1 < 𝑌2 ↑ 𝑂1 < 𝑂2
E!O*

𝐿Env,𝑀 → 𝑌1 ↑ 𝑁1 𝐿Env,𝑀 → 𝑌2 ↑ 𝑁2

𝐿Env,𝑀 → 𝑌1 ⇓ 𝑌2 ↑ 𝑁1 ⇓ 𝑁2

E!I(M-1
𝐿Env,𝑀 → 𝑌1 ↑ 𝑃 𝐿Env,𝑀 → 𝑌2 ↑ 𝑎 𝑎 ≃ Dict ⇐Obj ⇐ Env

𝐿Env,𝑀 → 𝑌1 in 𝑌2 ↑ 𝑃 ≃ Dom(𝑎)
E!N&)

𝐿Env,𝑀 → 𝑌 ↑ 𝑁

𝐿Env,𝑀 → ¬𝑌 ↑ ¬𝑁

Fig. 6. Semantics of expressions.

L!V-*
𝐿Env,𝑀 → 𝑋 𝐿↗ 𝑀 (𝐿Env) (𝑋)

L!A))*L+0)
𝐿Env,𝑀 → 𝑊 𝐿↗ 𝐿 𝑀 (𝐿) = 𝑍 𝐿Env,𝑀 → 𝑌 ↑ 𝑂 1 ⇔ 𝑂 ⇔ |𝑍 |

𝐿Env,𝑀 → 𝑊[𝑌] 𝐿↗ 𝑍𝐿

L!A))*M-1
𝐿Env,𝑀 → 𝑊 𝐿↗ 𝐿 𝑀 (𝐿) = 𝑎 𝑎 ≃ Dict ⇐Obj ⇐ Env 𝐿Env,𝑀 → 𝑌 ↑ 𝑃 𝑃 ≃ Dom(𝑎)

𝐿Env,𝑀 → 𝑊[𝑌] 𝐿↗ 𝑎 (𝑃)

Fig. 7. Semantics of l-values.

such as booleans, integers, and strings evaluate directly to their corresponding primitive values
(E!B&&’, E!I(), E!S)*+(,). The rule E!L-.$/- evaluates lambda expressions to closures of the form
↓𝑄(𝑅,𝑆, 𝑇).(𝑈, 𝑉), 𝐿Env↔, capturing the current environment location 𝐿Env together with the function
body𝑈 , its parameters, and the return variable. List and map expressions allocate structured values:
a list expression [𝑊1, . . . , 𝑊𝐿] evaluates each l-value 𝑊𝑀 to a location 𝐿𝑀 and returns the list ↓𝐿1, . . . , 𝐿𝐿↔
(E!L+0)), while a map expression {𝑋1 : 𝑊1, . . . , 𝑋𝐿 : 𝑊𝐿} evaluates each 𝑊𝑀 to 𝐿𝑀 and returns the map
[𝑋1 ↘↗ 𝐿1, . . . , 𝑋𝐿 ↘↗ 𝐿𝐿] (E!M-1). The rule E!D"*"2 evaluates an l-value 𝑊 as an expression; 𝑊 is
!rst evaluated to a location and then dereferenced to produce the value stored at that location. The
remaining rules de!ne size, arithmetic, comparison, logical, and membership operations.

Semantic domain

Semantics of commands Semantics of expressions



Language Coverage
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Python Features Examples Supported
Literals 1, "hello", ... Yes (with simplification)

Operations 1 + 2, "hello" == "world", ... Yes
Containers [1, 2, 3], d["key"], ... Yes
Variables x, x, y = 1, 2, ... Yes

Control Flows if, while, ... Yes
Functions def, f(x), @dec, ... Yes
Iterators yield, __next__, ... Yes
Objects obj.x, class, ... Yes (with simplification)

Exceptions raise, try, ... Yes
Comprehensions [x for ...], {x: y for ...}, ... Yes

Imports import lib, from lib import f, ... Yes (with simplification)
Scoping global, nonlocal Yes

Context Manager with Yes
Dynamic Features eval(), getattr(), ... Yes

Asynchronous Features async, await No



• Research questions 

• Correctness: Is MIR expressive enough to cover Python 
language features, and can the MIR compiler correctly 
translate Python programs to MIR?  

• Effectiveness: Can it enable more rigorous analyses while 
reducing the engineering effort of building such tools?

Evaluation

12



• Benchmarks 

• MIR benchmarks: 235 Python programs covering various 
features—especially corner cases 

• MBPP and HumanEval: 735 programs after filtering out 
the programs that use built-in functions that our MIR 
interpreter does not currently support 

• Checked correctness via differential testing against CPython 

Correctness
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Table 1. Correctness evaluation results of M!".

Benchmark Total Applicable Compiled Executed Correct

M!" benchmark 235 235 235 235 235
MBPP 974 619 619 619 619

HumanEval 163 116 116 116 116

Total 1,372 970 970 970 970

6 Evaluation
In this section, we evaluate M!" to answer the following research questions:

• Correctness: IsM!" expressive enough to cover dynamic Python language features, and
can theM!" compiler correctly translate Python programs to M!"?

• Practicality: How helpful isM!" for building program analysis tools for Python? Can it
enable more rigorous analyses while reducing the e!ort of building such tools?

All experiments were conducted on a MacBook Pro with Apple M3 pro chip and 36GB memory
and Python 3.12.

6.1 Correctness
We implement a Python-to-M!" compiler andM!" runtime system and evaluate their correctness
against CPython, the reference implementation of Python.

Implementation. The Python-to-M!" compiler 1) parses Python source code into an abstract
syntax tree (AST) using Python’s built-in ast module and 2) traverses the AST to translate each
part to the correspondingM!" instructions. We implement the runtime system in Python itself with
the modeling of Python standard libraries; we currently cover 194 out of 2k+ built-in functions in
“builtins” module which are loaded by default in every Python program.

Benchmark. We collect the following benchmarks that test Python’s semantics comprehensively:
• M!" benchmark: We create a benchmark suite that contains 235 Python programs cover-
ing various Python features—especially corner cases—including data types, control "ow,
operators, functions, classes, exceptions, variable scoping, and imports.

• MBPP and HumanEval: We also use two existing benchmarks, Mostly Basic Python
Problems (MBPP) [2] and HumanEval [5], to evaluate the correctness on real-world Python
programs. These benchmarks are designed to test the ability of code generation models to
generate correct Python code based on given speci#cations. We #lter out the programs that
use built-in functions that are not yet modeled in our current implementation. After the
#ltering, 619 out of 974 programs from MBPP and 116 out of 163 programs from HumanEval
remain.

All the benchmark programs have multiple test cases, including provided and additional ones we
create, to verify the correctness of the program output.

Result. Table 1 summarizes the compilation and execution results. The table shows the “Total”
number of programs, the “Applicable” subset using only modeled functions, and the number
of programs successfully “Compiled”, “Executed”, and produced the “Correct” output compared
to CPython. All applicable programs successfully compiled, executed, and produced the correct
output. This evaluation result con#rms that our Python-to-M!" compiler correctly translates Python
programs into M!" and covers a wide range of Python semantics.



• MirCG: Reimplemented version of PyCG (ICSE 2021) on 
top of MIR without modifying its underlying algorithm 

• Flow-, path-, and context-insensitive pointer analysis 

• Compared MirCG and PyCG on two benchmarks:  

• MirCG benchmark: 100 Python programs designed to 
cover various scenarios of function calls, along with 
ground-truth call graphs  

• Micro benchmarks used in the PyCG paper: 112 
programs with ground truth call graphs 

Effectiveness

14



• Sound: Count if all edges in the ground truth graph are 
present in the generated graph (no false negatives) 

• Complete: Count if call edges in the generated graph are 
present in the ground truth graph (no false positives)

Effectiveness
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Table 2. Recall and precision of call graphs generated byM!"CG and PyCG on the benchmarks.

M!"CG PyCG [36]

Benchmark Total Sound Complete Time (s) Sound Complete Time (s)

M!"CG benchmark 100 73 79 30.7 19 73 7.7
Micro-benchmark 112 78 101 29.6 46 107 8.7

Total 212 151 (71.2%) 180 (84.9%) 60.3 65 (30.7%) 180 (84.9%) 16.4

6.2 Practicality
To demonstrate the practicality of M!", i.e., its ability to facilitate static-analysis development,
we evaluate the performance of M!"CG (introduced in § 5) in comparison with PyCG [36], a
state-of-the-art Python call-graph analyzer, measuring recall, precision, runtime performance, and
implementation complexity. We use the most recent version v0.0.8 of PyCG1 in our evaluation.

Benchmark. We use two types of benchmarks to evaluate M!"CG and PyCG:
• M!"CG benchmark: We collect 100 Python programs that cover various scenarios of

Python function calls, along with their ground truth call graphs. The benchmark programs
include examples not only with explicit function calls but also with implicit calls via various
Python features such as operator overloading, decorators, and even class de!nitions.

• Micro-benchmark in PyCG: It consists of 112 Python programs with explicit function calls
and their ground truth call graphs. However, we found that some function calls were missing
or spurious in the ground truth call graphs. Thus, we manually !xed these issues before
using them in our evaluation. For example, the class statement in Python implicitly creates
and calls a function to create the class object. The call graphs should include such implicit
calls, but they were missing in the provided ground truth call graphs in this benchmark.

Metric. We evaluate M!"CG and PyCG using the following metrics:
• Lines of Code: The number of source code lines of the call graph analyzer implementation.
• Sound: Count if all edges in the ground truth graph are present in the generated graph.
• Complete: Count if all edges in the generated graph are present in the ground truth graph.
• Execution time: Total analysis time to generate the call graph.

Note that each tool should generate exactly the same set of function call edges as in the ground
truth graph to achieve 100% soundness and completeness.

Result. The codebase of M!"CG comprises 1,266 lines of code—a 51% reduction from PyCG’s
2,589 lines—despite being developed in just one week. This reduction is enabled by M!"’s design: it
operates on a compact instruction set with simpli!ed semantics, eliminating much of the complexity
inherent in direct AST analysis.
Table 2 shows the soundness and completeness of M!"CG and PyCG on the two benchmarks.

M!"CG achieves 71.2% soundness and 84.9% completeness on average across the benchmarks,
signi!cantly increasing PyCG’s 30.7% soundness by 132.3% (from 65 to 151) while maintaining
completeness. This improvement in soundness is notable given that M!"CG currently models only
45 built-in functions—just a subset of those supported by PyCG. We further observe that PyCG’s
higher completeness in Micro-benchmark is an artifact of its limited coverage: by conservatively
skipping complex language features, it generates far fewer call edges overall, which in turn in"ates
completeness.

1https://github.com/vitsalis/PyCG

Migrating the PyCG algorithm from AST-based implementation 
to MIR increases analysis soundness by 132% (from 65 to 151) 



• Currently, MirCG is 4x slower than PyCG 

• This is because we currently prioritize correctness over optimization  

• Optimization plan:  

1.Optimizing the generated MIR code: ~2x 

2.Optimizing the compiler implementation: ~1.5x 

3.Optimizing the MirCG implementation: ~1.7x 

• MIR also reduced implementation cost 

• MirCG: 1,266 lines of code, developed in one week by a student 

• PyCG: 2,589 lines of code

Effectiveness
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~5x speed-up 
after optimization



• Problem: Python program analysis is hard due to the 
informal, complex, and implicit semantics.  

• Solution: A formal, minimal, and explicit intermediate 
representation for Python. 

• Result: Atop MIR, program analysis becomes more rigorous 
and simpler to develop. 

• Future work: Optimization, abstract interpretation 
framework, program logic, cross-language translation, etc

Summary

17

Thank you!


