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Abstract. The rapid growth of data science and machine learning has made Python a
central language in modern research, particularly in computational environments such
as Jupyter Notebooks. While these notebooks facilitate exploration, their interactive
nature often leads to unstructured and undocumented code that hinders reproducibility
and comprehension. Compounding this issue, existing tools for code navigation and
refactoring primarily rely on static analysis. However, these methods struggle with
Python’s dynamic nature, often yielding precision and recall rates that are too low
for practical application. This dissertation addresses these challenges by introducing
novel static analysis approaches and systematic benchmarking frameworks for Python,
ultimately facilitating the semantic structuring of notebooks, reliable evaluation of
type inference systems, and a critical analysis of Large Language Models (LLMs) for
static analysis tasks.
To address the lack of structure in notebooks, we develop a heuristics-based call-graph
analysis for Python that models the unique behavior of machine-learning libraries and
leverages type hints from external dependencies. Using this enhanced code understand-
ing, we introduce HeaderGen, a tool that automatically segments undocumented
Jupyter Notebooks into navigable, semantically labeled narratives. Our evaluation on
real-world notebooks demonstrates that the underlying analysis achieves high preci-
sion and recall for both call-graph construction and the classification of notebook cells
according to their semantic role in the machine-learning workflow. Furthermore, a user
study confirms that the resulting structure significantly accelerates code comprehen-
sion and navigation for data-science practitioners.
Beyond the development of individual tools, advancing the field requires reliable meth-
ods to measure the capabilities of underlying analysis techniques, yet the current eval-
uation landscape remains fragmented and reliant on unverified datasets. To address
this gap, we introduce TypeEvalPy, a comprehensive benchmarking framework for
Python type inference with 154 test cases that provides a controlled environment with
manually curated code snippets and verified ground truth. Our empirical study of six
representative tools reveals significant performance variations. While HeaderGen
exhibits the most balanced results, open-source tools such as Pyright excel in ecosys-
tem integration but lack consistency across scenarios. Conversely, learning-based and
hybrid systems demonstrate that probabilistic predictions can augment static analysis,
however, they still remain constrained by training distributions.
Finally, recognizing the paradigm shift towards generative AI, we extend our rigorous
evaluation methodology to assess the capabilities of LLMs. To stress-test general-
izability, we augment TypeEvalPy with an auto-generation engine that scales the
benchmark to 7,121 test cases and introduce SWARMCG, a multi-language suite for
call-graph analysis. Our evaluation of 24 LLMs reveals a performance divergence:
LLMs excel at type inference but struggle with call-graph construction, an area where
traditional analyzers remain superior. These results suggest that the future of Python
tooling lies not in replacement, but in a hybrid integration where static analysis pro-
vides the structural foundation that learning-based methods typically lack.
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Introduction
1

Software engineering as a discipline is fundamentally concerned with building reliable, maintain-
able, and comprehensible software systems. To support these goals, a wide range of methods has
been developed for reasoning about program behavior, improving software quality, and enabling
effective collaboration. Among these methods, static analysis has become an important foun-
dation. By examining programs without executing them, static analysis can detect potential
errors [KNR+17], identify security vulnerabilities [DDD+25], and support the construction of
advanced development tools [NSB22, Jet26]. In statically typed languages such as Java, type
information and well-defined semantics provide a strong foundation for precise analysis. Static
analysis techniques have significantly improved software quality and remain a cornerstone of
modern development practices.

The increasing adoption of dynamically typed languages has introduced new challenges for
this established body of work. Among these languages, Python has become especially influential.
Its simple syntax, rich ecosystem of libraries, and community support have made it the dominant
language in data science and machine learning domains [RPN20]. Python is widely used for
rapid prototyping, exploratory analysis, and experimental research. These are contexts in which
flexibility and expressiveness are often prioritized over rigid structure and performance. However,
these characteristics complicate static analysis. Features such as dynamic type reassignment,
dynamic evaluation, flexible data structures, etc., limit the applicability of traditional methods
that rely on static type information [NG25, CCY+24, OGRG25, LKF20]. Consequently, existing
analysis tools cannot easily achieve the same precision for Python that they provide for statically
typed languages.

In parallel, the rise of Jupyter Notebooks has reshaped how Python code is written, shared,
and consumed by data science practitioners [WLZ20]. By combining source code, natural
language text, and visualizations in a single environment, notebooks embody the idea of lit-
erate programming [Knu84], where a program is written as an explanation of its logic in
natural language intermixed with snippets of source code. They have become the de-facto
medium for education, data science, and computational research, reducing entry barriers and
promoting the exchange of knowledge. Yet empirical studies reveal that many notebooks
fail to realize their potential as explainable, reproducible, and maintainable research artifacts
[PMBF19, RTH18, WLZ20, WKLZ20b]. Common issues include insufficient documentation,
ad-hoc organization, and dependence on non-linear execution [WLZ20]. These practices hin-
der comprehension, complicate collaboration, and reduce the long-term value of notebooks as
scientific or educational resources [PMBF19, WKLZ20a].

This dissertation addresses these dual challenges: the difficulty of performing precise static
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1.1 Problem Statement

analysis on Python programs and the shortcomings of Jupyter Notebooks as reliable, structured
artifacts.

1.1 Problem Statement
The growing adoption of Python and Jupyter Notebooks within data science and machine
learning has introduced both significant advantages and persistent challenges. Python offers
a highly adaptable programming environment supported by an extensive ecosystem of libraries,
and Jupyter Notebooks have become the primary medium for combining code, explanatory text,
and visualization. Together, they promote rapid experimentation and foster collaboration across
academic and industrial settings.

At the same time, two central problems emerge that limit the reliability and long-term
usefulness of Python-based workflows:

1. Analytical complexity of Python. In contrast to statically typed languages such as
Java, Python lacks explicit type information at compile time and exhibits a high degree
of runtime flexibility. Variables may change type across execution contexts, data struc-
tures often contain heterogeneous elements, and constructs such as eval() allow dynamic
evaluation that obscures control flow. In addition, Python’s expressive language design
introduces further modeling difficulties: complex built-in libraries employ iterators, gen-
erators, and asynchronous functions; import aliasing conceals symbol origins; and chained
method calls, or variable reuse, complicate dependency tracking. These characteristics
limit the application of established static analysis techniques, leaving a gap in the avail-
ability of precise and scalable program analysis techniques for Python.

2. Lack of structure and documentation in Jupyter Notebooks. While Jupyter Note-
books were intended to promote literate programming, they are frequently employed as ad
hoc exploratory scratchpads. Many lack explanatory text or coherent organization, and
their flexible execution model allows variable redefinitions and out-of-order cell execution.
Such practices reduce comprehension and diminish the potential of notebooks as long-term
scientific and educational artifacts.

A detailed discussion of these challenges is deferred to Chapter 2, where the complexity of
Python and the structural limitations of Jupyter Notebooks are examined in depth.

1.2 Contributions
This dissertation addresses the two challenges outlined in the previous section by developing an
improved analysis infrastructure and applying it to enhance the comprehensibility of Jupyter
Notebooks. To achieve this, the work makes three primary contributions.

Contribution 1: Enhancing Notebook Structure via Call-Graph Analysis [SVWLB23a]
To address the prevalence of undocumented and unstructured Jupyter Notebooks, we introduce
HeaderGen, a tool that automatically imposes a narrative structure by annotating code cells
based on a taxonomy of machine-learning operations. To realize this, we enhanced the under-
lying static analysis infrastructure by introducing flow-sensitivity and a novel mechanism for
resolving external library return types, a capability where existing tools often fall short. Eval-
uation on real-world notebooks demonstrates that this enhanced analysis yields high precision,
while a user study confirms that the resulting annotations significantly accelerate developer
comprehension and navigation.

2



Chapter 1. Introduction

Contribution 2: Benchmarking Type Inference Capabilities [SVSC+24, SVSW+24]
Recognizing that accurate static analysis for Python relies fundamentally on type inference, we
address the community’s lack of a standardized evaluation process. We introduce TypeEvalPy,
a comprehensive micro-benchmarking framework containing a diverse set of code snippets target-
ing specific Python features. By automating the execution of containerized tools and normalizing
their outputs, the framework produces comparable metrics. We utilized this infrastructure to
systematically assess state-of-the-art tools, revealing critical performance gaps and establishing
a rigorous baseline for future optimizations in Python type inference.

Contribution 3: Evaluating Large Language Models for Program Analysis [SVSS+25]
Finally, we investigate the potential of Large Language Models (LLMs) to overcome the limita-
tions of traditional analysis. To enable a large-scale empirical study, we enhanced TypeEvalPy
with auto-generation capabilities, significantly expanding the ground truth, and introduced
SWARMCG, a new benchmark for call-graph construction. Our evaluation of a wide range
of LLMs reveals a distinct contrast in performance: while LLMs often surpass traditional tools
in type inference accuracy, they struggle with the global reasoning required for call graph com-
pleteness and soundness. These findings suggest that the future of Python tooling lies not in
replacing static analysis, but in a hybrid integration.

1.3 Structure
The remainder of this dissertation is organized as follows. Chapter 2 establishes the theoretical
foundation for the work by introducing key static analysis techniques and elaborating on the
specific complexities posed by Python’s dynamic behavior and the limitations of Jupyter Note-
books. Chapter 3 presents our work on HeaderGen, detailing the enhancements made to flow-
sensitive analysis and the development of heuristics for resolving external library calls. Chapter 4
introduces the TypeEvalPy framework, describing the design of the micro-benchmarks and dis-
cussing the comparative performance of existing static analysis tools. Chapter 5 extends this
investigation to Large Language Models, presenting the TypeEvalPyAutoGen and SWARMCG
benchmarks alongside an empirical study contrasting LLM capabilities with traditional analysis.
Finally, Chapter 6 concludes the dissertation and outlines directions for future research.
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Background
2

This chapter establishes the theoretical and technical foundations necessary for understand-
ing the contributions of this dissertation. We begin by introducing fundamental concepts in
static program analysis, including type inference, call-graph construction, and call-site analy-
sis. Building on these definitions, we then examine the specific challenges posed by Python’s
dynamic nature and how they complicate the application of traditional analysis techniques. Fi-
nally, we discuss the context of Jupyter Notebooks, highlighting the deficits that necessitate the
development of specialized analysis tools like HeaderGen.

2.1 Static Program Analysis Techniques

Program analysis techniques are essential for static analysis tools, enabling them to reason about
program correctness and structure before execution. To achieve this, especially in the context
of dynamically typed languages, tools rely on several complementary techniques. Type inference
is used to determine variable types without execution, call-graph analysis maps relationships
between functions, and call-site analysis resolves the specific targets of individual invocation
points. Together, these techniques form the backbone of the analysis infrastructure developed
in this work.

To illustrate these analysis concepts in practice, consider the code snippet in Listing 2.1. The
create_str function returns a string, the variable func_ref is assigned with function references
at lines 4 and 8, and x is assigned the value result + 1 at lines 6 and 10.

Type Inference. Type inference is the process of deducing the types of variables based on
available program information, such as function signatures and variable assignments. In dynam-
ically typed languages like Python, where variable types can change at runtime, type inference
helps predict potential type mismatches and enforce consistency in operations.

A static analyzer with type inference capabilities tracks the data flow to resolve variable types
by examining assignments, function calls, and operations at different points in the program. In
the code snippet in Listing 2.1, such an analyzer determines that the variable result at line
5 is a string (return value of create_str), while the variable result at line 9 is an integer
(return value of len). By performing this analysis, type inference can detect errors such as
type mismatches before execution and correctly raise a type error at line 6, preventing runtime
failures.
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1 def create_str(x):
2 return x.upper()
3
4 func_ref = create_str
5 result = func_ref("Hello!")
6 x = result + 1 # Type mismatch!
7
8 func_ref = len
9 result = func_ref("Hello!")

10 x = result + 1 # Works
11
12 x = eval("create_str('Hello!')")
13 x = x + 1 # Type mismatch!

Listing 2.1: Python code snippet illustrating dynamic call sites, type inference challenges across
variable reassignments, and the impact of dynamic evaluation via eval

However, static analyzers struggle with dynamic evaluation features like eval (line 12), which
obscure the code structure. Since eval executes code that is only constructed at runtime, static
analyzers cannot reliably determine the control flow or variable effects without executing the
program. Therefore, dynamic constructs like eval are typically not parsed by static analyzers
during code analysis; the type of x remains unknown, and a subsequent error at line 13 may
go undetected. This further highlights the challenges of type inference in dynamically typed
languages, where runtime behavior can introduce unexpected type inconsistencies.

Call-graph Analysis. A call graph is a representation of function-call relationships in a
program that captures the structural relationships among functions, specifically mapping callers
to their potential callees. It provides a global view of the system by determining which functions
can invoke others, thereby helping understand control flow, track function dependencies, and
identify unreachable or unused code.

The complete call graph for the snippet in Listing 2.1 is shown in Figure 2.1, revealing
high-level function relationships (e.g., “function A calls function B”) to enable optimizations,
refactoring, and bug detection. Here, the main function acts as the entry point, invoking
main.create_str, builtins.eval, and builtins.len. While the solid line demonstrates a clear
static relationship where main.create_str calls builtins.str.upper, the dashed line labeled dy-
namic from builtins.eval to main.create_str highlights a critical challenge. Because dynamic
constructs like eval are typically not parsed by static analyzers, they obscure the code structure
and make it difficult to resolve potential callees, ultimately showing how runtime behavior can
introduce unexpected dependencies that a standard analysis might miss.

Call-site Analysis. While a call graph provides a global summary of relationships, call-site
analysis focuses on the specific locations in the source code where functions are invoked. In
dynamic languages, a single call site (e.g., obj.method()) may invoke different functions at
different times depending on the runtime type of obj; therefore, precise call-site analysis aims
to determine the set of potential target functions for every individual invocation point. To
analyze this code precisely, the tool must differentiate multiple assignments to the variables
x and result, representing potential targets for each invocation point based on the current
program state rather than just a global summary.

The list of call sites for the snippet in Listing 2.1 is as follows:
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main

main.create_str builtins.eval builtins.len

builtins.str.upper

dynamic

Figure 2.1: Call Graph for code snippet in Listing 2.1

• Call-Site 1 (Line 2): builtins.str.upper.

• Call-Site 2 (Line 5): create_str.

• Call-Site 3 (Line 9): builtins.len.

• Call-Site 4 (Line 12): builtins.eval.

2.2 Dynamic Nature of Python and Its Analysis Challenges

Programming languages serve as the fundamental bridge between human logic and machine
execution, typically categorized by their execution models and type systems. At one end of the
spectrum lie low-level, statically typed languages like C or Java, which enforce rigid structures
to ensure performance and predictability. At the other end are high-level, interpreted languages
designed to prioritize developer productivity and flexibility. Python has emerged as the leading
language in this category.

To understand why traditional static analysis often fails or loses precision when applied
to Python, one must examine the specific linguistic features that complicate the extraction of
program semantics. In the following subsections, we detail the primary hurdles encountered
during analysis.

2.2.1 Dynamic Typing

Dynamic typing constitutes a major challenge in Python analysis. Variables are not declared
with fixed types and may assume different types during execution, a feature often referred to as
“duck typing.” As a result, static analysis must depend on inference rather than explicit type
information, which limits accuracy in detecting inconsistencies and reasoning about program
behavior.

In Listing 2.2, the same variable x is used with values of different types, each invoking
different built-in operations. Because the type of x changes during execution, a static analyzer
must infer all possible types that x may assume and determine the corresponding set of valid
operations. Accurately performing such inference requires reasoning about control flow, variable
reassignments, and runtime behavior.
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1 x = 10
2 print(abs(x)) # Works for integers -> 10
3
4 x = 'Hello' # Type changes from int to string
5 print(x.upper()) # Works for strings -> 'HELLO'

Listing 2.2: Dynamic typing in Python

2.2.2 Dynamic Data Structures

Python features dynamic built-in data structures, such as lists and dictionaries, that can hold
heterogeneous types. These high-level built-in data structures pose a challenge for static analysis
because their contents are often not explicitly defined. Python’s dynamic typing means that
variable types are not fixed at compile time and can change during execution, making type
inference difficult.

In Listing 2.3, the list my_list contains an integer, a string, a floating-point number, and a
boolean value. To analyze this structure statically, the analyzer must identify all possible element
types, represent the list as a union of these types, and ensure that subsequent operations on
the list are compatible with each element type. Performing this reasoning requires propagating
type information across heterogeneous collections, a process that adds considerable complexity
to static analysis in Python.

1 my_list = [1, 'apple', 3.14, True] # List with heterogeneous types

Listing 2.3: Dynamic data structures in Python

2.2.3 Dynamic Evaluation

The use of eval() or exec() to execute arbitrary strings as code obfuscates control flow and
makes static analysis challenging. Such dynamic evaluation can lead to analyses that are incom-
plete or unsound because the side effects of the executed code depend on the runtime context.

In Listing 2.4, the variable code contains a string that defines and evaluates a new variable
assignment at runtime. When exec() is called without optional dictionary arguments, the code
is executed in the current scope. If this occurs at the module level, x becomes a global variable.
However, if executed inside a function, variables defined dynamically via exec are not accessible
as regular local variables because Python determines local variable scope at compile time.

1 code = "x = 5 + 10"
2 exec(code) # Executes the string as Python code

Listing 2.4: Dynamic evaluation in Python

2.2.4 Complex Builtin Library

Python’s vast standard library provides powerful tools for developers but presents additional
challenges for analysis. Static analysis tools must support a wide range of library functions,
thereby increasing both the scope and complexity of the analysis. Moreover, Python’s control
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flow can be intricate due to the use of high-level iterators, generators, and asynchronous func-
tions, all of which contribute to a more dynamic and less predictable flow than in typical C or
Java programs.

In Listing 2.5, the function squares() is a generator that yields values lazily, and the built-in
function map() applies a transformation to each yielded element. To analyze this behavior, a
static analyzer requires abstract representations of generator states and iterators, increasing the
complexity of control-flow and data-flow analysis in Python.

1 # Example using iterators and generators
2 def squares(n):
3 for i in range(n):
4 yield i * i
5
6 # The built-in map function applies a lambda to each element
7 result = map(lambda x: x + 1, squares(5))
8
9 print(list(result)) # Produces [1, 2, 5, 10, 17]

Listing 2.5: Iterators and generators in Python’s builtin library

2.2.5 Import Aliasing

Python provides several mechanisms for importing external libraries, including importing com-
plete modules, selectively importing individual functions or classes, and introducing aliases that
rename modules or symbols. While this flexibility supports concise and expressive programming,
it poses significant challenges for static analysis. Wildcard imports (from module import *)
obscure the origin of identifiers, making it difficult to determine which functions or classes are
actually in use. Similarly, the introduction of aliases (e.g., import numpy as np) conceals the
original library names, thereby requiring additional resolution steps for accurately identifying
dependencies and references. As a consequence, static analysis tools must incorporate alias
tracking and disambiguation techniques not only for program variables but also for identifiers
in general, including modules, packages, and imported symbols, to achieve sound and precise
results.

In Listing 2.6, the module numpy is imported under the alias np, while the wildcard import
from math introduces all available mathematical functions without explicit qualification. To
analyze this code accurately, a static analyzer must resolve the alias np to its corresponding
module numpy and determine the origins of the functions sin and sqrt introduced by the wildcard
import.

1 import numpy as np
2 from math import * # Wildcard import obscures what is being used
3 array = np.array([1, 2, 3])
4 result = sin(array[0]) + sqrt(array[1]) # The source of sin and

sqrt is unclear due to wildcard import

Listing 2.6: Import aliasing in Python
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2.2.6 Chained Function Calls

Consider the function call my_dataframe.values[:1].astype(int) in the code snippet in List-
ing 2.7. Here, the variable my_dataframe is of type DataFrame from the Pandas library. The
attribute access .values returns a NumPy array, followed immediately by an operator-based
slice [:1], before finally invoking .astype(int). This structure highlights a distinct challenge
in Python analysis: chains frequently mix standard method calls with operator overloading (e.g.,
slicing via __getitem__), all of which rely on dynamic attribute resolution. Although such ex-
pressions can be lowered into intermediate representations, the heavy reliance on library-defined
semantics means that failing to resolve a single link causes imprecision to propagate through
the entire chain, rendering subsequent analysis inaccurate.

1 import pandas as pd
2 my_dataframe = pd.DataFrame({'numbers': [1.2, 2.3, 3.3]})
3 values = my_dataframe.values[:1].astype(int) # Chained function

calls

Listing 2.7: Chained function calls in Python

2.2.7 Variable Reuse

Variable reuse is another common challenge in Python, particularly in Jupyter Notebooks. It is
common for the same variable name to be reused in different cells for entirely different purposes.
For example, in Listing 2.8, a variable named model could be assigned to a Sequential object
in one part of the notebook and a LogisticRegressionCV object in another. To accurately
analyze such scenarios, the analyzer must distinguish between different lifetimes of the same
variable name across the program. This can be achieved through flow-sensitive analysis that
takes into account the execution order and tracks variable states over time. However, in many
practical cases, a commonly used workaround is to split variable live ranges, as done in static
single assignment (SSA) form, which assigns distinct versions to successive redefinitions without
requiring complex dataflow analysis.

1 from sklearn.linear_model import LogisticRegressionCV
2 model = LogisticRegressionCV() # First use of `model'
3
4 # Later in another cell
5 from tensorflow.keras.models import Sequential
6 model = Sequential() # Reuse of `model' for a different object type

Listing 2.8: Variable reuse in Python

2.2.8 Scarcity of Type Annotations

Although Python supports optional type hints (PEP 484), a vast majority of real-world code re-
mains unannotated [DGP22a]. Crucially, even when present, these annotations are not enforced
by the Python interpreter; they serve only as metadata. In the absence of such hints, static
analysis lacks explicit guarantees regarding input and output types. Furthermore, even when
developers do provide annotations, many existing static analysis tools are not equipped to inte-
grate this metadata into their analysis pipeline. Consequently, valuable semantic information is
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often ignored, causing tools to default to less precise inference methods despite the availability
of explicit types.

In Listing 2.9, the function load_data is defined without any type information. In contrast,
load_data_typed includes explicit type hints for both the argument path (expected to be a
string) and the return value (expected to be a pd.DataFrame).

1 # Without annotation: Return type is unknown
2 def load_data(path):
3 return pd.read_csv(path)
4
5 # With annotation: Return type is explicit
6 def load_data_typed(path: str) -> pd.DataFrame:
7 return pd.read_csv(path)

Listing 2.9: Function with and without type annotations

2.2.9 CPython as the De Facto Reference

The primary implementation of Python, CPython, serves as the de facto reference for Python
behavior. Since Python lacks a formal ISO/ECMA standard, developers rely on the behavior
exhibited by CPython to understand the syntax and semantics of Python. This means that
any specific behavior, bug, or quirk in CPython can become the reference for how Python code
should work, even if other implementations such as PyPy or Jython may behave differently.
This reliance can lead to inconsistency or confusion among developers, as behaviors that are
considered standard in CPython might not be replicated in other environments, resulting in
divergent behavior [Dif].

2.3 Unstructured and Undocumented Jupyter Notebooks

Jupyter Notebooks are widely adopted for data science and machine learning projects due to
their interactive and flexible environment. However, the flexibility often leads to notebooks be-
coming unstructured and poorly documented, making them challenging for both novice and ex-
perienced users to understand, maintain, and reproduce [PMBF19, RTH18, WKLZ20a, WLZ20,
WWD+22, WKLZ20b]. Unlike traditional software development practices, which often empha-
size organization, modularization, and extensive documentation, Jupyter Notebooks frequently
fall short in these areas.

2.3.1 Lack of Structure

The lack of structure in Jupyter Notebooks is largely attributed to the exploratory nature of
their usage. Data scientists use notebooks as interactive scratchpads for experimenting with
data, model training, and visualization. As a result, the code tends to be linear, without
modular functions or reusable components, leading to notebooks that are difficult to navigate and
maintain. Variables and functions are often defined in arbitrary cells, and the execution order
may vary significantly, resulting in dependencies that are difficult to track. This unstructured
approach makes it challenging to reuse code or understand the logical flow of the notebook,
particularly when revisiting it or when sharing it with collaborators.

Unlike traditional programming, Jupyter notebooks do not encode control flow explicitly
in the program structure. Cells can be executed in arbitrary order while sharing a persistent
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global state, so program behavior depends on execution history rather than textual order. This
implicit, user-driven execution model complicates reasoning about dependencies and program
behavior.

2.3.2 Insufficient Documentation

Markdown cells, designed to provide explanations and context, are often not used. Even when
markdown cells are present, they frequently do not provide a sufficient explanation of the code
logic or its intended purpose. Studies have shown that 30.93% of publicly available Jupyter Note-
books do not contain markdown cells [RTH18, PMBF19]. Without sufficient documentation,
understanding the purpose of individual cells or the overall flow of the notebook is challenging.

2.3.3 Limited Support for Structuring and Documentation

The lack of built-in mechanisms to enforce structure or encourage documentation exacerbates
these problems. Current notebook environments offer minimal guidance for organizing code,
maintaining consistency, or integrating narrative explanation. To address these shortcomings,
tools that automatically suggest cell organization, insert contextual comments, or promote mod-
ularization are required.
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HeaderGen: Call-Graph Based
Structuring of Python Notebooks

3
In the evolving landscape of machine learning (ML) and data science, Jupyter Notebooks
have emerged as the de-facto platform for creating ML solutions within the ML community.
Jupyter notebooks resonate with the paradigm of literate programming postulated by Donald
E. Knuth [Knu84]. This approach advocates the integration of code, comprehensive documen-
tation, and visual representations within a unified document to promote understanding and
facilitate the sharing of complex solutions. The underlying principles of literate programming
include: (1) Augmenting code with descriptive text and illustrative diagrams, (2) Imposing a
coherent narrative by separating code cells with pertinent headers, and (3) Logically segmenting
and labeling the program’s reusable modules.

Within notebooks, code is written in executable code cells while accompanying documen-
tation is written in markdown cells. Augmenting code segments with explanatory textual
content enhances the overall comprehensibility of notebooks and further promotes collabora-
tion [WFM+22]. Moreover, a markdown-to-code cell ratio of 2, as posited by Wagemann et
al. [WFM+22], serves as an indication of adherence to literate programming principles. This
assertion finds further support in the work of Samuel et al. [SM22], who report that a higher
markdown-code cell proportion correlates with better reproducibility, a vital metric in scientific
studies.

Need for Automated Support. Despite the fact that the inherent capabilities of Jupyter
notebooks resonate with literate programming principles, real-world adoption often diverges
from this ideal. Empirical studies consistently report that publicly available notebooks often lack
documentation and contain poor structural organization [KRA+18, WLZ20, PMBF19, QCL22].
Many practitioners describe notebooks as personal scratchpads and “messy” rather than care-
fully curated artifacts, with more than 30% of published notebooks containing no markdown
annotations [RTH18, PMBF19]. This scarcity of annotations reveals the prevailing negligence
towards best practices. Such omissions are especially detrimental in platforms like Kaggle1,
where subpar practices risk propagating to the next generation of ML practitioners. Therefore,
there exists an imperative for the software engineering research community to develop tools that
address this problem.

Early Prototype and Limitations. To address the lack of documentation in notebooks,
we initially developed a prototype [SVB21] designed to automatically generate headers. This

1https://www.kaggle.com/
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prototype relied on an abstract syntax tree (AST)-based approach to identify call sites within
Jupyter notebooks and resolve them to their corresponding libraries. While this demonstrated
the potential of static analysis for improving notebook comprehension, it also revealed significant
technical hurdles inherent to analyzing Python code. Specifically, the prototype failed to address
the following challenges:

1. Limited AST-based analysis: the prototype relied on call-node extraction from the
AST without alias resolution, robust handling of complex Python syntax, or support for
inter-procedural flows, leading to reduced accuracy.

2. Absence of robust program analysis techniques: meaningful structural augmen-
tation requires precise identification of all function calls within a notebook. However,
existing static analysis techniques for Python proved insufficient. Python’s features, such
as dynamic typing, dynamic execution, and reflection, pose inherent challenges to static
reasoning [SSL+21a, KPSB21]. Compared with languages such as Java, Python lacks
mature tool support for advanced static analysis techniques [YMH22a]. Most available
tools perform only rudimentary AST-based analysis, and the lack of precise type inference
further undermines accuracy (see Section 2.2.1 on dynamic typing).

3. Limitations of state-of-the-art call-graph tools: PyCG [SSL+21a] represents a sig-
nificant step forward, as it builds call graphs from an intermediate representation derived
from AST and supports several complex Python features. However, it does not analyze
calls to external libraries and operates in a flow-insensitive manner. Flow sensitivity,
which considers the order of program statements and tracks variable states at different
points, is crucial for accurate analysis (see Section 2.2.6 and 2.2.7). Its absence restricts
the applicability of PyCG in real-world notebooks.

4. Lack of fully qualified names: function calls were resolved to their library of origin but
not to their fully qualified definitions. For example, functions such as seaborn.load_dataset()
are defined in internal modules (e.g., seaborn/utils.py) that are not referenced directly in
the import statements. Because the prototype relied solely on surface-level import infor-
mation and AST traversal, it lacked the module-level resolution required to trace functions
through internal package structures.

5. Manual function-to-phase mapping: the classification of functions into machine learning
workflow phases (e.g., preprocessing, training, evaluation) depended on a manually curated
mapping. This required frequent updates to accommodate new libraries and APIs, reduc-
ing scalability.

Overview of HeaderGen. Building on the lessons learned from the prototype, this disser-
tation’s first major contribution introduces HeaderGen, a static analysis tool that augments
Python-based Jupyter Notebooks with structural annotations. HeaderGen addresses the two-
fold challenge of inadequate static analysis and unstructured notebooks by implementing a so-
phisticated analysis pipeline. Unlike the prototype, HeaderGen extends the analysis in PyCG
to include flow-sensitivity (to accurately track variable states at specific program locations) and
external library resolution (to identify return types from libraries like pandas and scikit-learn).

Using this enhanced infrastructure, the tool extracts function calls from notebook code cells
and classifies them according to a taxonomy of machine learning operations [WWD+22]. The
taxonomy, proposed by Wang et al. [WWD+22], outlines the sequence of activities typical in
ML workflows, beginning with data preparation, followed by feature engineering, and model
building and training (see Figure 3.1). This workflow defines an implicit narrative structure
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Generic Operations
Library Loading
Visualization

Data Preparation and Exploration
Data Loading
Exploratory Data Analysis
Data Cleaning Filtering
Data Sub-sampling and Train-test Splitting

Feature Engineering
Feature Transformation
Feature Selection

Model Building and Training
Model Training
Model Parameter Tuning
Model Validation and Assembling

Figure 3.1: Taxonomy of machine learning operations based on Wang et al. [WWD+22].

that HeaderGen aims to recover automatically. Based on these classifications, HeaderGen
constructs a narrative structure that improves notebook navigation and comprehension by gen-
erating: (1) a global index of machine learning operations placed at the beginning of the note-
book, and (2) markdown headers annotating individual code cells to reflect the operations they
perform.

To do so, the tool identifies function calls with high accuracy, assigns them to the appropriate
ML workflow categories, and uses the resulting classifications to build a structural map of the
notebook. This map is rendered as an “Index of ML operations” at the top of the notebook and
is complemented by cell-level annotations that summarize the operations performed within each
code cell (see example on page 30).

Addressing Key Challenges. In summary, HeaderGen addresses the identified technical
hurdles by replacing the prototype’s limited AST-based approach with a robust static analysis
infrastructure. To mitigate the specific challenges of dynamic typing, the system employs a
heuristic-based approach to external library return-type resolution, ensuring method calls are
correctly identified even when object types are not explicitly declared in the program. Ad-
dressing the limitations of existing tools like PyCG, HeaderGen introduces flow-sensitivity to
accurately track variable states. Furthermore, it resolves the ambiguity of function definitions
by implementing a hybrid module-level resolution, enabling the retrieval of fully qualified names
that were previously inaccessible via surface-level imports. Finally, to overcome the scalability
issues of manual mapping, HeaderGen incorporates an ML-based approach to automatically
classify function calls into their respective workflow phases.

Evaluation. To evaluate the performance of HeaderGen’s static function call analyzer, we
employed an enhanced version of PyCG’s micro-benchmark, complemented by a real-world
benchmark consisting of 15 notebooks sourced from Kaggle. On the real-world benchmark,
HeaderGen achieved 95.6% precision and 95.3% recall, outperforming PyCG and other func-
tion call analyzers based on off-the-shelf tools such as pyright2 and Jedi3. On the same bench-
mark, we also evaluated HeaderGen for header annotation and achieved 85.7% precision and
92.8% recall. Building on the initial publication of these results [SVWLB23b], the benchmark
suite was subsequently extended with an additional 15 Jupyter notebooks to further assess
HeaderGen across a broader spectrum of real-world notebooks. HeaderGen achieves an av-
erage of 94.4% precision and 91.6% recall. These results are consistent with the findings from the
initial benchmark, confirming the robustness of HeaderGen across a wider range of notebook
styles and domains.

2https://github.com/microsoft/pyright
3https://github.com/davidhalter/jedi
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3.1 Motivating Example

Additionally, through a user study involving eight data science practitioners, we gathered
evidence indicating that HeaderGen significantly enhances navigation speed and improves
comprehension.

Contributions. The primary contributions of the work presented in this chapter are as follows:

• A static analysis technique for Python Jupyter Notebooks that enhances them with struc-
tural and explanatory annotations, supporting the principles of literate programming.

• An improved function call extraction method that achieves high precision and recall on
real-world benchmarks.

• An open-source implementation of HeaderGen, available under the Apache 2.0 license
at https://github.com/secure-software-engineering/HeaderGen

Why Not Large Language Models? Given the recent surge in Generative AI, a modern
reader might question why LLMs were not employed to solve these classification and structuring
tasks. First, it is important to note that the core research and development of HeaderGen
predated the widespread availability of capable LLMs such as GPT or Llama. Second, traditional
deep-learning-based solutions rely heavily on large-scale, manually annotated datasets, which
are scarce for our use-case of code annotation.

Structure. The remainder of this chapter is organized as follows: We present challenges in
statically analyzing Python code with a motivating example in the Section 3.1, followed by
detailing our design in Section 3.2. We then present the research questions in Section 3.3. We
discuss the details of our micro-benchmark and real-world benchmark in Section 3.4. We address
the research questions from Section 3.5 to Section 3.8, and discuss related work in Section 3.9.
The limitations of HeaderGen are discussed in Section 3.10, and finally, the paper is concluded
in Section 3.11.

3.1 Motivating Example
As a motivating example, consider the notebook in Figure 3.2. It consists of one markdown
cell, which is rendered as an HTML header, and five code cells that can be identified by the
comments in the first line of each code cell. The example notebook in Figure 3.2 is a concise
version of a real-world notebook containing a machine learning based solution.

In cell 1, various ML libraries are imported. In cell 2, a sample dataset called “iris” from the
seaborn library is loaded and processed through basic feature selection to retain only the essential
columns. The selected values are cast to the NumPy float64 type, and the dataset is checked for
null entries. In cell 3, the data is split into training and test subsets. Cells 4 and 5 then define,
train, and evaluate two different machine learning models using the processed dataset: cell 4
applies a logistic regression model, while cell 5 uses a deep learning–based sequential model.

Note that this notebook is undocumented and does not contain any explanatory text or
structural headers as markdown cells, thereby violating the principles of literate programming.
Empirical studies show that approximately one in three publicly available notebooks lacks any
markdown content [PMBF19]. The absence of explanatory text or structural organization forces
machine learning practitioners, particularly beginners, to invest considerable effort in navigating
and understanding the notebook. This difficulty is further amplified by the fact that nearly one-
third of real-world notebooks contain at least 50 cells [PMBF19].

On the other hand, the example notebook poses several challenges to SA, including:
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Figure 3.2: Example of a Jupyter notebook containing a machine learning solution.
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3.2 HeaderGen’s Static Analyzer

• Import aliasing: different ways of importing libraries, and importing libraries with aliases as
shown in cell 1. This is further complicated with wildcard imports of the form “from MODULE
import *”. (see Section 2.2.5)

• Dynamic typing: in cell 2, the type of the variable iris_dataset is not known statically, i.e.,
the return-type of the function load_dataset() is not known statically unless the developer
manually annotates the function definition. Unfortunately, widespread adoption of type anno-
tation is still lacking in practice (see Section 2.2.8). As a result, subsequent statements that
involve the variable iris_dataset cannot be resolved, i.e., in cell 2 lines 4–7. (see Section 2.2.1)

• Chained function calls: in cell 2 line 4, the expression iris_dataset.values[].astype()
spans multiple libraries. Here, iris_dataset.values yields a NumPy array through the Pan-
das DataFrame API, and astype() is a NumPy method. Although the syntactic chain can
be parsed, accurate modeling requires the analyzer to propagate type information across all
steps. Any imprecision accumulates along the chain, and current tools cannot resolve these
dependencies statically (see Section 2.2.6).

• Variable reuse: the same variable model is reused in cells 4 and 5, for different model objects,
i.e., Sequential and LogisticRegressionCV objects. Reuses of the same variable names are
common in notebooks. Therefore, for precise annotation of code cells, the analyzer should
know the type of an object at a specific location in the notebook. In other words, the analysis
should be flow-sensitive. (see Section 2.2.7)

Note that in general, analyzing dynamic programming languages such as Python poses sev-
eral other challenges as discussed in Section 2.2. Features such as dynamic evaluation, where
a string can be evaluated as a code fragment at runtime, and complex control-flow structures
with generators also pose challenges to SA.

In summary, for HeaderGen to accurately classify code cells based on function calls, the
static analyzer needs to: (1) handle complex Python features, (2) statically resolve return-types
of external library calls, and (3) be flow-sensitive.

To address these issues, HeaderGen incorporates a static analysis pipeline tailored to the
notebook setting. The pipeline integrates enhanced call-graph construction, type resolution, and
flow-sensitive analysis, enabling the tool to recover accurate function call information even in the
presence of aliasing, chained calls, and variable reuse. The output of this analysis is subsequently
combined with a taxonomy-based classification model to generate structural annotations for the
notebook.

3.2 HeaderGen’s Static Analyzer

A high-level overview of HeaderGen is shown in Figure 3.3. The initial pre-processing step
involves transforming a notebook into a standard Python script. This process aids in eliminating
metadata from the notebook, ensuring that only pertinent information remains for subsequent
analysis. Post this conversion, in phase one, HeaderGen proceeds to analyze the resultant
Python script to create an Extended Assignment Graph (EAG). Leveraging the EAG, Header-
Gen extracts flow-sensitive callsite information in the second phase. The final phase involves
augmenting the notebook with structural annotations corresponding to the callsites by using an
ML-based taxonomy classifier.
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Figure 3.3: High-level overview of HeaderGen.

The construction of the EAG and the methodology for extracting flow-sensitive callsite infor-
mation are presented in Sections 3.2.1 and 3.2.2. Section 3.2.3 describes the ML-based taxonomy
classifier, and Section 3.2.3 details the procedure for annotating notebooks using the output pro-
duced by the analyzer.

3.2.1 Extended Assignment Graph

Motivation and Departure from PyCG. The EAG extends the assignment graph intro-
duced by PyCG [SSL+21a]. PyCG models a Python program as an inter-procedural fixed-point
analysis that constructs assignment relations among program identifiers such as functions, vari-
ables, classes, and modules. Each node in the original assignment graph represents an identifier,
and directed edges capture value assignments, or reference flows between identifiers. This is
conceptually similar to the Pointer Assignment Graph (PAG) in the Spark framework [LH03].
However, PyCG adapts this model to address Python-specific semantics by abstracting away
low-level memory operations. Specifically, whereas a PAG employs distinct load/store edges and
field dereference nodes, PyCG operates on high-level identifiers by treating modules and func-
tions as first-class objects and resolving attribute accesses directly to their defining namespaces
via the Method Resolution Order (MRO). PyCG’s assignment graph enables the subsequent ex-
traction of a call graph by resolving all identifiers that a callable variable may reference. Here, a
callable denotes any Python object that can be invoked using parentheses. However, two main
limitations restrict its applicability to notebook-based ML programs.

The first limitation concerns flow-insensitivity. PyCG represents every program variable as
a single node, regardless of how many times the variable is redefined. This design propagates
imprecise information across unrelated program states. In notebooks, variables are frequently
redefined across cells, often holding objects of incompatible types. When such redefinitions
occur, PyCG merges all instances into one node, obscuring the temporal order of assignments
and the specific data-flow paths among cells.

The second limitation involves the incomplete handling of external libraries. PyCG inten-
tionally omits analysis of functions defined in external modules. Although this decision improves
scalability, it prevents the tool from reasoning about the behavior of library functions and their
return types. In notebook environments where most computation relies on external ML li-
braries, this omission constrains the accuracy of call-graph extraction and subsequent program
comprehension tasks.

The EAG addresses these limitations through three targeted extensions:

1. Flow-sensitive definition-use chains: Each definition of a variable is indexed by its program
location, producing distinct nodes for every redefinition and preserving execution order.

2. Canonical resolution of external functions: Calls to library functions are resolved to their
fully qualified names (FQNs) through controlled reflection, allowing links between note-
book code and the actual implementation sites within external packages.
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3. Return-type resolution for external APIs: Each external definition stores an abstract type
obtained from resolving the return types of external API calls through type-stub lookup
(see Section 2.2.8). These external return types are integrated into the EAG, with literal
and user-defined types added when available, enabling type-aware reasoning.

These extensions retain the semantics of PyCG’s assignment relations while improving pre-
cision in a dynamic and modular notebook environment. Figure 3.4 illustrates the difference:
PyCG collapses all definitions of the variable model in our motivating example (c.a., Figure 3.2)
into a single node, whereas the EAG distinguishes definitions in cells 4 and 5 and connects
them respectively to constructors imported from external libraries: scikit-learn and keras. The
EAG forms the basis for accurate call-site resolution and structural notebook annotation in later
stages of HeaderGen.

model

(a) Assignment Graph

⇒

model:(C4,2)

sklearn.linear_model.
_logistic.

LogisticRegressionCV

model:(C5,2)

keras.engine.
sequential.Sequential

(b) Extended Assignment Graph

Figure 3.4: Generated assignment graphs for the variable “model” in the motivating example,
left in PyCG (empty), right in HeaderGen (flow-sensitive).

Construction of the Extended Assignment Graph. The construction of EAG in Header-
Gen extends the inter-procedural fixed-point analysis of PyCG [SSL+21a]. Before detail-
ing the extensions introduced by HeaderGen, it is necessary to summarize the intermedi-
ate representation (IR) defined by PyCG [SSL+21a]. This IR models Python programs in
terms of four categories of identifiers: functions (func), variables (var), classes (cls), and
modules (mod). Each identifier is paired with its category, yielding a definition of the form
(x, τ) ∈ Identifier × IdentType. A definition, together with the namespace in which it appears,
constitutes an object in the IR, following the Obj construction. Namespaces are represented as
ordered sequences of definitions and ensure that objects with identical identifiers but different
scopes remain distinguishable. This representation captures the structural relationships among
modules, classes, functions, and variables in Python programs.

HeaderGen preserves PyCG’s IR and its transition rules while extending it with flow-
sensitive node creation and explicit modeling of external functions. For clarity, the four domains
that constitute the IR are briefly defined below; a concrete example of these domains applied to
a code snippet is provided in Appendix A.

• Namespace: The namespace domain records the defining context of each identifier and
distinguishes objects and attribute accesses based on where definitions occur (see List-
ing A.2).

• Scope: The scope domain represents the nesting structure of definitions and determines
which identifiers are visible within specific namespaces (see Listing A.3).

• Class hierarchy: The class-hierarchy domain models inheritance relations among classes
and supports the resolution of attributes and methods defined in base and ancestor classes
(see Listing A.4).
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• Assignment graph: The assignment-graph domain captures potential value flow between
objects by recording assignment relations across variables, parameters, and return values
(see Listing A.5).

These domains constitute the IR that HeaderGen preserves and extends. Algorithm 1
summarizes the EAG construction process, and the subsequent sections describe the integration
of definition-use chains for flow-sensitivity and external return-type resolution.

Definition–Use Chains for Flow Sensitivity

During analysis, each expression in the source code is evaluated by repeatedly applying PyCG’s
transition rules until convergence. Flow sensitivity is achieved by indexing variable definitions
with their program locations. This is realized through a definition–use chain (DUC) analysis
over the notebook’s Python AST, computed using Beniget [ser22]. The DUC captures, for every
assignment, the reachable uses without intervening redefinitions, respecting lexical scope and
Python’s name-resolution rules.

Given the DUC index, HeaderGen creates flow-sensitive nodes during EAG construction;
a concrete example of this mechanism is provided in Appendix A.3. When an assignment x := y
at source location ℓ is reduced by PyCG’s transition rules, HeaderGen constructs versioned
nodes (x, ℓ) and (y, ℓ) and inserts the edge (x, ℓ)→ (y, ℓ) into E. This mechanism prevents the
merging of redefinitions that would occur in PyCG’s flow-insensitive assignment graph, allowing
the EAG to preserve evaluation order and support precise propagation of facts.

Return-type Resolution for External Library Calls

A large fraction of code in notebook-based machine learning workflows consists of calls to ex-
ternal library functions. These functions often produce complex structured outputs such as
pandas.DataFrame, numpy.ndarray, or neural network objects that form the backbone of later
computation. Accurate recovery of these return types is therefore essential for constructing a
precise, type-annotated EAG, because all subsequent attribute accesses and method invocations
depend on the types of the variables produced by such calls. However, achieving this via static
analysis presents significant difficulties.

Challenges in resolving external libraries. Two primary obstacles prevent the direct in-
ference of return types for external calls: computational limitation and namespace aliasing:

1. Analytical Constraints and Tool Limitations: Directly analyzing modern machine learning
libraries at the source level is computationally infeasible because they are large, heterogeneous,
and dynamic. They intermix Python and native code and rely extensively on metaprogram-
ming. Experiments with PyCG on entire packages like TensorFlow, NumPy, or Pandas con-
firmed that exhaustive analysis fails to terminate or exhausts memory. Even when restricted to
a subset of modules, the prevalence of runtime dispatch, decorator-based indirection, and dy-
namic imports prevents reliable inference of return types through conventional static methods.
Furthermore, conventional static analyzers (e.g., pytype, pyre) depend on explicit annotations
which do not generalize to dynamically exported functions, while learning-based approaches
(e.g., Typilus [ABDG20a] and Type4Py [MLPG22a]) often lack awareness of specific library
semantics.

2. The Canonicalization Problem: Given that direct analysis is infeasible, another viable al-
ternative is to rely on pre-annotated type summaries. However, this approach introduces a new
challenge: identifying the canonical name of the function being called. Python libraries often ex-
pose re-exported or aliased entry points. Top-level imports in Python can re-export symbols from
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Algorithm 1: EAG Construction by Augmenting PyCG
Input : Script: P , line↔cell mapping: map, DUC index: DUC, summary store: Σ
Output: EAG = (V, E), final PyCG state σ

1 Initialize PyCG state σ ← (π = ∅, s, n, h) // assignment graph, scope, namespace,
class hierarchy

2 V ← ∅, E ← ∅ // EAG nodes and edges

3 foreach top-level expression or statement e ∈ P in evaluation order do
4 while e is not an object do
5 (σ, e)← PyCG_Step(σ, e) // apply one transition rule of PyCG

// Flow-sensitive assignment
6 if e reduced from an assignment x := y at source location ℓ then
7 ℓx ← defSite(x, ℓ, DUC); ℓy ← useSite(y, ℓ, DUC)
8 vx ← (x, ℓx); vy ← (y, ℓy)
9 V ← V ∪ {vx, vy}; E ← E ∪ {(vx → vy)}

10 if typeOf(y, σ) ̸= ⊥ then
11 attachType(vx, typeOf(y, σ))

// propagate abstract type

// External call, canonicalization, and abstract return type
12 if e is a call expression f (⃗a) at location ℓ then
13 if isExternal(f, σ) then
14 fqn← CanonicalResolve(f, σ) // Algorithm 2
15 τ ← LookupReturnType(fqn, Σ)
16 if τ ̸= ⊥ then
17 vr ← (retf , ℓ); // virtual return variable
18 V ← V ∪ {vr};
19 attachType(vr, τ)

20 return ((V, E), σ)

nested submodules, and decorators may wrap the original callable. For instance, in the motivat-
ing example (see Figure 3.2), the expression sns.load_dataset() refers to a symbol in the top-
level seaborn package, but the actual implementation resides in seaborn.utils.load_dataset.
Without resolving sns.load_dataset to its canonical name, the analyzer cannot locate the cor-
rect type definition in any static summary store.

Methodology: Canonical resolution through controlled reflection. To overcome these
challenges, HeaderGen employs a lightweight strategy. Rather than expanding external pack-
ages, it identifies the canonical name of the function and looks up its return type in a pre-
annotated summary store. HeaderGen introduces a resolution routine that uses controlled
reflection to obtain the fully qualified name (FQN) of an external callable without invoking it.
The process involves three steps:

1. Evaluate a reference to the callable using Python’s eval(<func>) without execution, i.e.,
by stripping the call operator (), thereby avoiding execution.

2. Apply inspect.unwrap() to remove decorators and wrapper layers, exposing the underly-
ing implementation object.
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Figure 3.5: Workflow of imported library function return-type resolution.

3. Extract the module and qualname attributes from the unwrapped object and combine them
into a canonical identifier.

Summary-based return type approximation. Once the canonical name is established,
HeaderGen fetches the return type by consulting Σ, a static Type Summary Store. Each
entry in Σ associates a canonical function name with an abstract return type (e.g., mapping
seaborn.utils.load_dataset to pandas.DataFrame). We constructed these annotations by ag-
gregating existing developer-annotated .pyi stubs, parsing library documentation, and perform-
ing manual verification for common ML libraries. When a match is found in Σ, the inferred
type is attached to the EAG node corresponding to the call’s return value.

Figure 3.5 summarizes this workflow. In the motivating example, this process transforms
sns.load_dataset() into the canonical identifier seaborn.utils.load_dataset, enabling a cor-
rect lookup in the summary store. This enables the analyzer to infer that iris_dataset holds
a pandas.DataFrame, allowing subsequent operations at (C2,4-7) to be resolved. Algorithm 2
formalizes this procedure.

Algorithm 2: Canonicalization of External Function Calls
Input : Callee symbol f , PyCG state σ
Output: Canonical fully qualified name fqn or ⊥

1 Function CanonicalResolve(f, σ):
2 if not isExternal(f, σ) then
3 return ⊥
4 m← importModuleOf(f, σ) // import top-level module
5 o← eval(m +′ .′ + f) // evaluate reference to callable, not invocation
6 u← inspect.unwrap(o) // remove decorators and wrapper layers
7 mod← u.__module__; name← u.__qualname__
8 if mod ̸= ⊥ and name ̸= ⊥ then
9 fqn← mod +′ .′ + name // compose canonical path

10 return fqn
11 else
12 return ⊥

25



3.2 HeaderGen’s Static Analyzer

Integration into EAG construction. The canonicalization procedure described in Algorithm 2
is incorporated into the EAG construction process at line 14 in Algorithm 1. During the re-
duction of a call expression, Algorithm 1 invokes the canonical resolution routine to obtain the
callee’s fully qualified name, thereby linking the surface-level symbol used in the notebook to
its underlying implementation site. This canonical name is then used to query the summary
store Σ, which provides the return type associated with the external function. When a summary
entry is available, the inferred type is attached to the EAG node that represents the call’s return
value.

Following PyCG, return values are modeled using the virtual variable ret introduced by the
[RETURN] rule [SSL+21a]. HeaderGen reuses this mechanism by creating a node (ret, ℓ)
for each external call at its program location ℓ and attaching the corresponding abstract return
type obtained from Σ.

Implications. Through this combination of canonical resolution and summary-based approxi-
mation, HeaderGen attains type-aware flow sensitivity without the need for full library analysis
when type annotations exist. The resulting EAG integrates both user-defined and library-derived
variables into a single, annotated representation. This enriched graph forms the foundation for
downstream notebook annotation and taxonomy classification, discussed in the following sec-
tions.

3.2.2 Flow-sensitive Callsite Extraction

The EAG constructed in the previous phase serves as the foundation for identifying and local-
izing executable function invocations within the notebook. Using the call-graph construction
mechanism of PyCG, HeaderGen performs a flow-sensitive traversal over the intermediate
representation of the program. Callable objects are resolved according to the definitions and
type information recorded in the EAG. This approach ensures that targets are resolved based
on the variable state valid at each specific call site, allowing the analysis to distinguish between
multiple invocations even when variables are redefined or types change during execution.

Each callsite is then mapped to its corresponding notebook cell using the line↔cell mapping
established during notebook-to-script conversion. This mapping ensures that every function in-
vocation, including those occurring transitively through user-defined functions, can be attributed
to the notebook cell initiating the call. For example, when a user-defined function x() defined
in one cell invokes other library routines, HeaderGen attributes these nested invocations to
the calling cell that executes x(), thereby constructing a transitive closure over the call graph.

This stage outputs a comprehensive mapping between notebook cells and their associated
call sites, serving as the basis for annotation and classification in the final phase.

3.2.3 Jupyter Notebook Annotation

The final stage of the pipeline converts the results of the static analysis into structured annota-
tions intended to enhance the comprehensibility of complex notebooks. This stage integrates a
Taxonomy Classifier that maps resolved function calls to high-level ML operations and a Pat-
tern Matcher that identifies operations implied by Python control flow or data-manipulation
constructs rather than by explicit library calls.

Taxonomy Classifier

Within the Python ecosystem, machine learning tasks are implemented through diverse APIs
spanning numerous libraries. In this context, an API refers to any callable entity, such as a
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Table 3.1: Overview of Kaggle competitions and notebooks

Kaggle Competition Teams Notebooks

Predict Future Sales 15,656 833
Titanic - Machine Learning From Disaster 14,560 1,089
Santander Customer Transaction Prediction 8,751 907
Home Credit Default Risk 7,176 900
IEEE-CIS Fraud Detection 6,351 820
M5 Forecasting - Accuracy 5,558 608

Total Notebooks 6,698

function, method, or class constructor, that is exposed by an external library. These APIs
can be systematically categorized according to the ML operation they realize, such as data
preparation, model training, or evaluation. In HeaderGen, the callsite information derived
from the flow-sensitive extraction stage provides the foundation for such categorization.

Earlier versions of HeaderGen relied on a manually curated mapping between APIs and
ML operation categories [SVWLB23b]. Such a static mapping is not sustainable given the
rapid evolution of ML libraries. To overcome this limitation, a simple supervised ML model is
introduced as a proof-of-concept that automatically assigns each API call to one or more ML
operation categories by analyzing its documentation string (docstring).

Dataset Preparation. In the process of constructing a supervised machine learning model,
the initial requisite is a well-labeled dataset. Given the absence of any publicly accessible datasets
that maps API calls with ML operations, our first step was to establish such a dataset. To ac-
complish this, we used Kaggle, a platform that offers a wide range of resources such as datasets
and notebooks. The ML notebooks on Kaggle serve as a valuable resource for practical code im-
plementations with API calls from diverse libraries. We retrieved 6,698 notebooks from Kaggle’s
top six competitions, leveraging its API. The rationale behind selecting these specific compe-
titions was their widespread popularity based on the number of submissions and participating
teams. A breakdown of these competitions and notebooks is listed in Table 3.1.

We used HeaderGen to analyze the selected notebooks. Our primary objective was to
extract the fully qualified names associated with all the API calls in the notebook, as well as
their corresponding docstrings. This data forms the foundational basis for our dataset.

Empirical Analysis. HeaderGen identified a total of 141,657 API call-sites to 12 different
ML libraries. After removing the duplicates, we were left with 2,553 unique API calls. The
breakdown of this is listed in Table 3.2.

Data Annotation. To ensure the accuracy and reliability of our annotations, we engaged six
experts specializing in machine learning. These experts were identified through our professional
network on LinkedIn. Given the vastness of the dataset, and in consideration of the potential for
annotator fatigue, we opted to select a subset comprising 400 APIs from various libraries. This
strategic selection was made to ensure a comprehensive coverage across different functionalities
while at the same time optimizing the use of our resources.

The chosen APIs are representative of diverse use cases, ensuring a holistic understanding of
the domain. For example, libraries such as Matplotlib, Seaborn, and Plotly provide an extensive
array of APIs dedicated to plotting functionalities. On the other hand, Pandas and NumPy are
predominantly known for their data manipulation capabilities. Similarly, the Sklearn, Keras,
and Torch libraries are renowned for their APIs that facilitate model building in ML. This
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Table 3.2: Library API utilization overview

Library Total API calls Unique API calls

Pandas 61,949 393
Sklearn 27,314 571
Matplotlib 16,762 224
Numpy 12,355 273
Seaborn 6,531 64
Keras 6,136 239
LightGBM 3,100 34
XGBoost 2,321 37
Tensorflow 1,664 345
Plotly 1,482 98
Torch 1,449 188
Statsmodels 594 87

Total 141,657 2,553

structured approach in API selection ensured that our annotations captured the broad spectrum
of functionalities inherent in the ML domain.

We developed an annotation tool designed to display the API together with its associated
docstring. This feature was implemented to aid annotators in efficiently identifying and selecting
the relevant machine learning operation. It is important to note that, to ensure accuracy, every
API was reviewed by multiple annotators. To assess the consistency of these annotations, we
calculated the inter-annotator agreement and obtained a Cohen’s kappa coefficient [Coh60] of
0.80. This score indicates a substantial level of agreement among the annotators.

Data Preprocessing. Docstrings often contain special characters, additional reference
texts, and example content that can make ML pattern recognition challenging. To tackle this,
we use Natural Language Processing (NLP) methods to preprocess these strings. Note that,
during the annotation process, the unmodified doc strings were presented to the annotators.

The steps involved are outlined as follows:

• Data cleaning: removal of LaTeX and markdown formatting strings. Further, we elim-
inate version numbers, statements indicating deprecation, URLs, punctuation, and other
special characters to ensure a cleaner dataset.

• Stop word removal: commonly used words such as “the”, “and”, and “is” are removed.

• Lemmatization: applied to reduce words to their base form.

Model Training. We used the final dataset with a train-test split of 80%-20% to train
and test a series of multi-label classification techniques. This ratio was selected as it repre-
sents a standard heuristic in machine learning literature, providing sufficient data to the model
for learning robust patterns while reserving a large enough subset (20%) to ensure statisti-
cally significant evaluation metrics [GKK18]. The nature of our classification problem is multi-
label because a single API can correspond to multiple ML Operations. For instance, the API
numpy.ndarray.reshape can be simultaneously categorized under both “Data Preparation and
Exploration” and “Feature Engineering”.
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Table 3.3: Performance of classifiers for different text vectorization techniques

A: Accuracy, P: Precision, R: Recall

Classifier TF-IDF Word2Vec CountVec

A. P. R. A. P. R. A. P. R.

LogisticRegression 0.86 1.0 0.86 0.60 0.95 0.59 0.89 0.98 0.89
RandomForest 0.84 0.99 0.86 0.80 0.98 0.80 0.88 0.99 0.88
DecisionTree 0.76 0.89 0.82 0.57 0.74 0.68 0.69 0.81 0.88
GaussianNB 0.83 0.92 0.86 0.72 0.81 0.83 0.75 0.84 0.88
SVM 0.94 1.0 0.94 0.83 0.89 0.91 0.77 0.93 0.80
GradientBoosting 0.81 0.96 0.82 0.79 0.92 0.81 0.85 0.95 0.89

As ML Models operate on numerical data, we first convert docstrings into a numerical format,
in a process termed as text vectorization. We evaluated three prominent text vectorization
methodologies: Word2Vec, TF-IDF, and CountVectorizer. With data from these techniques,
we subsequently trained a range of classical ML models listed as follows: Logistic Regression,
Random Forest, Decision Tree, GaussianNB, Support Vector Machines (SVM), and Gradient
Boosting. Note that, driven by the constraints posed by our small dataset size, we abstained
from incorporating neural networks in our experimentation.

Model Selection. The performance of various classifier models is shown in Table 3.3. In
comparison with other classifiers and across vectorization methods, SVM stands out particu-
larly with TF-IDF, showcasing a balance of accuracy, precision, and recall. Therefore, within
HeaderGen we integrated the SVM classifier with TF-IDF vectorization for classifying API
calls.

Pattern Matching

Notebooks may contain code cells that implement machine-learning operations without relying
on explicit function calls. Instead, these cells often employ Python constructs that transform
objects. In such cases, and in the absence of a function call, HeaderGen applies AST-based
pattern matching to identify machine learning operations.

The process is as follows: Initially, HeaderGen identifies code cells devoid of any function
calls by analyzing the flow-sensitive CG constructed in the preceding phase of the analysis.
Subsequently, it traverses the AST of these code cells to detect the presence of specific patterns
outlined in Table 3.4. However, given that ASTs lack type information, HeaderGen consults
the EAG using line number and node identifier from the AST node, Name, to retrieve type
information for AST elements identified within the code cell. Finally, if a pattern aligns with one
of the supported patterns by HeaderGen, the corresponding code cell is annotated accordingly.

For illustration, consider the first pattern in Table 3.4, which captures a feature engineering
operation of the form df[‘xy’] = df.x * df.y. This assignment introduces a new column xy
into the DataFrame df by multiplying the existing columns x and y. HeaderGen inspects
the BinOp AST node representing the operator * and checks whether both operands correspond
to DataFrame attribute accesses. The AST alone does not provide sufficient information to
determine the type of df, therefore HeaderGen retrieves the type of df from the EAG. Once
confirmed as a DataFrame access, the statement is classified as a feature engineering operation.
Table 3.4 lists the DataFrame access patterns currently supported by HeaderGen.
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(a) Index of ML operations for our motivational example. A⃝ ML operation category “Model
Training” is expanded to view all code cells that are performing model training operations.
B⃝ Cell # 5 is expanded to view all function calls in the cell. C⃝ Fully qualified function
names are displayed. D⃝ Expanded view showing the arguments used and their docstring.

(b) Annotated version of cell # 3 in our motivational example.

Figure 3.6: Snapshots of the output notebook generated by HeaderGen for the motivational
example.

30



Chapter 3. HeaderGen: Call-Graph Based Structuring of Python Notebooks

Table 3.4: Mapping of Dataframe usage patterns to ML operations

ID Pattern ML Operation

1 df[‘xy’] = df.x * df.y Feature Engineering
2 df.x = 1 Feature Transformation

Data Preparation
3 df.x[df.x == 1] = 1 Feature Transformation

Data Preparation
4 x = df.x[[‘f1’, ‘f2’]] Feature Selection
5 print(df[0:20]) Exploratory Data Analysis
6 for i in df: Data Preparation
7 len(df) Exploratory Data Analysis
8 df.shape Exploratory Data Analysis

Text Annotation Generation

Based on the classification and pattern matching information from previous phases, the following
annotations are added to the notebook: (1) Index of ML Operations, (2) Code cell headers, and
(3) Table of contents.

1) Index of ML Operations: The index provides a clickable and nested list of all function
calls in the notebook classified according to the taxonomy of ML operations shown in Figure 3.1.
Figure 3.6a shows the index of ML operations generated for our motivating example. The index
is displayed on top of the notebook using HeaderGen’s notebook plugin. If no functions are
found for a particular ML operation category, the category is displayed struck out. Each ML
operation category and cell list can be expanded or collapsed as required. Function calls are
organized based on the library, as seen in the figure. Additionally, different areas of the notebook
are hyperlinked, which makes it easy for the user to explore the notebook back-and-forth. For
instance, cell 5 can be quickly visited by pressing “goto cell # 5” and back to the index again
by pressing “back to top”.

2) Code cell headers: High-level ML operation categories from the taxonomy are added
as headers for individual code cells. Note that when code cells contain ML operations from
more than one category, all of these are added to the header. Figure 3.6b shows the annotated
version of code cell 3 from our motivating example (Figure 3.2). The headers can be further
extended to see all the functions used in the following code cell, along with the docstrings that
were fetched during analysis time from the source code.

3) Table of contents: Code cell headers are attached with anchors that allow in-page
navigation. Using this information, the table of contents combines the headers of all code cells
and adds an anchor-link to each entry. This simplifies access to relevant sections of the notebook
based on the taxonomy.

3.3 Evaluation

The evaluation of HeaderGen focuses on four research questions designed to assess its static
analysis accuracy, classification capability, and support for comprehension and navigation:

RQ1: Does HeaderGen improve comprehension and navigation of undocumented Jupyter Note-
books?
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RQ2: How accurate is HeaderGen’s callsite recognition?

RQ3: How accurately can HeaderGen classify code cells using callsites?

RQ4: How does HeaderGen compare to other tools?

First, in Section 3.4, we introduce the benchmarks constructed to assess HeaderGen’s
analytical performance in both controlled and real-world settings. Then, in the following Sections
3.5 to 3.8, we present the research questions and the corresponding evaluation results.

3.4 Benchmarks

A rigorous evaluation of HeaderGen requires datasets that represent both the structural orga-
nization of Jupyter notebooks and the semantic characteristics of Python code embedded within
them. Jupyter notebooks differ from conventional Python modules by allowing interleaved,
stateful execution, which amplifies challenges related to variable scope and callsite resolution.
Therefore, the selected benchmarks must not only capture the cell-oriented execution model of
notebooks but also include a diverse range of Python language constructs such as nested function
definitions, class hierarchies, decorators, comprehensions, higher-order functions, and dynamic
features.

Existing Python call-graph benchmark accompanying PyCG [SSL+21a] primarily focus on
flow-insensitive, file-level analyses and are thus insufficient for evaluating tools that operate in
notebook environments. To ensure analytical validity, three benchmarks are developed for this
study:

1. Micro-benchmark containing 121 notebooks,

2. Real-world benchmark containing 15 notebooks from Kaggle, and

3. Extended real-world benchmark containing 15 notebooks from the wild.

Each benchmark captures a complementary aspect of HeaderGen’s evaluation require-
ments: the micro-benchmark emphasizes syntactic coverage and flow sensitivity, the real-world
benchmark targets undocumented machine learning notebooks, and the extended benchmark
evaluates generalizability using diverse notebooks annotated by domain experts. The following
subsections describe each benchmark in detail.

3.4.1 Jupyter Notebook Micro-benchmark

We evaluate HeaderGen by adopting the call-graph benchmark created by Salis et al. [SSL+21a]
as part of PyCG. While the original benchmark evaluates flow-insensitive call-graph construc-
tion, HeaderGen requires flow-sensitive callsite information, including precise mappings be-
tween function calls and their line numbers within notebook cells. To enable such evaluation,
the Python scripts from PyCG’s benchmark were converted into notebooks, and the ground
truth was manually created by associating callsites with line numbers. Furthermore, eight new
test cases were introduced to explicitly assess flow-sensitive scenarios.

Our micro-benchmark consists of 121 minimal and focused test cases categorized into distinct
Python language features. The micro-benchmark used in this study includes 121 test cases in the
following 17 categories: Arguments, Assignments, Builtins, Classes, Decorators, Dicts, Direct
Calls, Flow Sensitive, Exceptions, Functions, Generators, Imports, Kwargs, Lambdas, Lists,
Mro, Returns.
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3.4.2 Real-world Benchmark

To assess HeaderGen in real-world usage contexts, a real-world benchmark comprising 15 un-
documented notebooks from Kaggle was constructed. Kaggle hosts numerous machine learning
competitions where data scientists publicly share their notebooks. Many of these notebooks,
despite being widely viewed and upvoted, lack documentation in the form of markdown cells.
We found that 99 of the top 500 notebooks submitted to the most popular competition on
Kaggle contained no markdown cell. Therefore, we base our real-world benchmark on these
undocumented notebooks containing no markdown cells but are still being viewed by many (cf.
Table 3.5).

To encourage variation in the benchmark, we selected notebooks from three different and
most popular competitions on Kaggle based on the number of submissions: (1) Titanic - Machine
Learning from Disaster, (2) Predict Future Sales, and (3) Santander Customer Transaction
Prediction. We downloaded the top 30 notebooks according to votes for each competition with
the search term “Keras”, since Keras4 is a popular ML library among novices. We used the
Kaggle API to search and download notebooks. All 30 notebooks from each competition were
further filtered to target those without any markdown cells. Finally, we selected the top five
most-viewed notebooks from each competition. The selected notebooks in our benchmark are
listed in Table 3.9. These notebooks have a median of 20 code cells, compared to 13 cells that
are found in real-world notebooks as reported by Pimentel et al. [PMBF19]. Note that these
undocumented notebooks still have 248 upvotes and 19,518 views as of October 2023.

The callsites ground truth was created manually by inspecting code cells in each notebook
and listing the fully qualified names of all function calls. Notebooks were executed cell-by-cell
and dynamically analyzed using Python’s reflection module inspect to gather the fully qualified
names. Multiple iterations were carried out to avoid errors in the ground truth.

Further, the ground truth for headers was created using experts. 15 notebooks from the
benchmark were divided and assigned to four data scientists working in the industry for manual
annotation of each code cell. Notebooks were distributed such that each notebook was seen by
at least two reviewers. Based on the taxonomy of ML operations, each annotator inspected and
classified each code cell into relevant categories. The inter-rater reliability score, as measured
by Cohen’s kappa coefficient [Coh60], was improved by conducting follow-up interviews with all
four reviewers. Finally, a score of 0.89 was achieved, which signals an almost perfect agreement.

3.4.3 Extended Real-world Benchmark

Building upon our initial publication [SVWLB23b], we extended our benchmark suite by incor-
porating an additional 15 Jupyter notebooks. This extension aims to further assess the utility
of HeaderGen across a broader spectrum of ML notebooks found in real-world contexts.

The annotation of notebooks with metadata describing call sites and headers is a resource-
intensive task. To mitigate this challenge, the DASWOW dataset introduced by Ramasamy
et al. [RSBB22] was utilized as a foundational source. The dataset comprises 470 notebooks
annotated by domain experts, although its classification framework differs from the taxonomy
employed by HeaderGen.

Since accurate evaluation of HeaderGen requires ground truth for both callsites and head-
ers, a subset of notebooks from DASWOW was selected to balance analytical depth with fea-
sibility. The selection process first filtered notebooks lacking markdown cells, resulting in 124
candidates. From these, the 15 notebooks containing the highest number of code cells were
retained, ensuring diversity and complexity in code structure. The resulting collection exhibits
a median of 27 code cells.

4https://keras.io/
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Table 3.5: Details of notebooks included in the real-world benchmark evaluation

ID Name Votes Views

1 bulentsiyah/keras-deep-learning-to-solve-titanic 69 2,244
2 hongdnghuy/relu-sigmoid 13 743
3 vaidicjain/titanic-easy-deeplearning-acc-78 9 489
4 tanvikurade/complete-analysis-of-titanic 19 326
5 alexanderbader/mytitanic 10 113
6 econdata/predicting-future-sales-with-lstm 7 3,363
7 lhavanya/predict-future-sales 3 500
8 elvinagammed/stacked-lstm-top-5-4-mae 9 523
9 ashishkapasiya/prediction-future-sales-with-keras 4 525
10 the0electronic0guy/keras-begineer-friendly 12 290
11 higepon/starter-keras-simple-nn-kfold-cv 20 4,387
12 vishesh17/keras-nn-with-scaling-and-regularization 32 3,205
13 christofhenkel/nn-with-magic-augmentation 21 1,573
14 naivelamb/multibranch-nn-baseline-magic 10 652
15 miklgr500/nn-embedding 10 585

Total 248 19,518

The creation of ground truth for headers involved aligning the DASWOW taxonomy with our
own, leveraging the partial mappings provided by the authors in their work [RSBB22]. This was
followed by a manual verification of header annotations by the first author, to ensure accuracy
and to add any missing labels. Furthermore, the callsites for notebooks were determined through
a manual review process, adhering to the methodology described in the preceding Section 3.4.2.

3.5 RQ1: Comprehension and Navigation Study

The goal of HeaderGen is to enhance comprehension and navigation in undocumented note-
books. To quantitatively assess these improvements, a user study was conducted comparing the
performance of participants when using HeaderGen against undocumented notebooks.

3.5.1 Study Design

The study is aimed at recreating the exploration of notebooks that ML practitioners routinely
do. The study is designed as a within-subject study where the participants were given two
notebooks from our real-world benchmark and asked to complete five comprehension tasks on
each notebook, one after the other. To minimize learning effects, we chose a Latin-square
design: Participants were divided into two groups. While participants in group-1 were given the
undocumented notebook first, followed by the HeaderGen annotated version, participants in
group-2 saw the annotated notebook first. Each study was conducted in a one-on-one online
session lasting about one hour using a video-conferencing tool. First, an overview of the study-
protocol was presented to the participant, including a walk-through of HeaderGen. Next,
participants were provided access to the remote Jupyter instance along with a questionnaire
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Table 3.6: Comprehension tasks

Id Question

Q1 What are the deep learning layers used in the model?
Q2 What are the different data cleaning & data preparation operations?
Q3 Which of the following cells are used for model building and model training?
Q4 Select ML and visualization libraries that are used in the notebook
Q5 What are the different visualizations used in the notebook?
Q6 How is the dataset split into test and train subsets?

Table 3.7: Statements concerning the perception of usefulness

Id Statement

S1 The classification of cells according to ML phases and headers helped me navigate
the undocumented notebook.

S2 The generated list of functions used in the notebook helped me understand the
notebook better.

S3 The header annotations added to the notebook are rather hindering the understand-
ing of the notebook.

S4 I would install HeaderGen if it is made available as a plugin.

containing step-wise instructions on how to proceed. Before proceeding to the study, participants
were instructed to examine an example notebook annotated with HeaderGen in order to get
them comfortable with the features. The entire session was recorded with the consent of the
participant for further analysis. Upon completion of the comprehension tasks, participants
were asked to fill a Likert-scale questionnaire to understand the participants’ perception of
improvements provided by HeaderGen. Finally, participants were asked if they had any general
comments about the tool.

Comprehension Tasks. A set of tasks was developed to reflect common exploratory
questions that arise when data scientists inspect unfamiliar notebooks. The tasks were finalized
after discussions with a data-science expert. For each task, participants were expected to select
the right answers from all the choices given to them. Overall, six comprehension tasks were
created, as listed in Table 3.6. For each notebook given to the participant, five tasks from the
table were assigned to them based on the relevance to the notebook.

Likert-scale Questionnaire. Following the completion of the session, participants were
asked to rate the level of agreement with statements about the usefulness of HeaderGen. The
level of agreement was based on a 5-point Likert scale, where “1” is Strongly disagree and “5” is
Strongly agree. The statements given to the participants are listed in Table 3.7.

3.5.2 Participants

The study involved eight participants: three master’s students in computer science, three pro-
fessional data scientists, and two academic researchers. Students were recruited through faculty
contacts in the data-science research department, professionals were identified via LinkedIn5

5https://www.linkedin.com/
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based on their job titles, and researchers were selected based on their publications in relevant
areas. Participation was voluntary and conducted without monetary incentives. Due to privacy
considerations, no identifying information about participants is disclosed.

3.5.3 Metrics

(1) Time: The total time taken to complete all five tasks per notebook.

(2) Accuracy: Inspired by a similar comprehension study by Adeli et al. [ANC+20], the accu-
racy is measured using the F1-score that takes into account both precision and recall.

(3) Navigability: The perceived navigability based on responses to Likert scale questions.

(4) Usefulness: The perceived usefulness is based on responses to Likert scale questions.

3.5.4 Results

The study yielded 80 accuracy measurements (8 participants × 5 tasks × 2 treatments) and 16
time measurements (8 participants × 2 treatments). We compare accuracy and time measure-
ments between treatments using the non-parametric two-sided Wilcoxon Signed Rank (WSR)
test, as the measurements between treatments are paired and the sample size is small. In ad-
dition, all measurements are analyzed based on descriptive statistics. Figure 3.7 shows the
box-plot of accuracy scores, time measurements, and perception ratings.

Time. Both the mean and median completion times were lower for annotated notebooks
(mean = 336.6s, median = 328.5s) than for undocumented ones (mean = 486.4s, median =
464.5s). The WSR test confirmed this difference as statistically significant (p-value = 0.025,
statistic = 34.0 ). The large difference in completion time for the undocumented variant is
associated with the back-and-forth navigation in the notebook, trying to find relevant areas.
These findings indicate that participants completed comprehension tasks significantly faster
when using HeaderGen.

Accuracy. The mean accuracy was higher for annotated notebooks across all tasks except
T6, where performance was equal. Furthermore, accuracy variance across tasks was approxi-
mately three times higher for undocumented notebooks, suggesting greater consistency when
using HeaderGen. Median accuracy was higher for the annotated treatment in tasks T4 and
T5. However, the WSR test did not reveal statistically significant differences between the two
conditions (p-value = 0.106, statistic = 55.0 ). Notably, the study was not time-limited, allow-
ing participants to spend more time achieving correct answers in the undocumented condition,
which likely mitigated accuracy differences.

Navigability and Usefulness. Responses to the statements in Table 3.7 indicated that par-
ticipants found HeaderGen substantially beneficial for navigation and comprehension. None
of the participants disagreed with statements S1, S2, or S4, and none agreed with the negative
statement S3. All participants expressed willingness to install HeaderGen if released as a
plugin.

Qualitative Results. Participants noted that HeaderGen would be especially useful when
dealing with very large, undocumented notebooks, as it provides a “map” of the notebook.
Participants also found the function documentation to be useful, given that the libraries are
continuously evolving and that they would often come across methods that they have not seen
before. Furthermore, minor recommendations to improve the taxonomy categories were noted
and added to the final version.

Threats to Validity. The study we conducted is prone to some common limitations of
conducting user studies. Due to the small number of participants, it may not be representative of
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Figure 3.7: Left: Box plots of accuracy for participant responses grouped by treatment. Center:
Box plots of time measurements for two treatments. Right: Box plots of responses to likert-
questions about perception.

a larger population. However, participants were selected from all fields: students, professionals,
and academics, to get inputs from different perspectives. Furthermore, since the study follows
a within-subject design, the order of tasks and treatments can have an effect on the outcome.
Therefore, to limit the learning effect, we use latin-square design to randomize the order of
treatments, tasks, and multiple choices. Although the participants were experienced working
with the default notebook environment, HeaderGen adds additional interfaces that might
seem confusing at first. As a result, some participants did not make full use of HeaderGen’s
capabilities.

3.6 RQ2: Accuracy of Callsite Recognition

Micro-benchmark Results. The accuracy of HeaderGen was first evaluated using the
micro-benchmark to assess the completeness and soundness of its callsite recognition. Table 3.8
summarizes the results. The analysis is considered complete when no false positives occur
and sound when no false negatives are present. Across 121 test cases, HeaderGen achieved
soundness and completeness in 113 cases each.

The lack of soundness in eight cases arose primarily from unimplemented handling of certain
challenging Python constructs, particularly decorators. Of the eight incomplete cases, three
were similarly due to unsupported language features, whereas the remaining five resulted from
the analysis being context-insensitive, leading to over-approximation in specific scenarios.

Note that we do not perform a direct comparison of HeaderGen with PyCG because
the micro-benchmark does not pose specific challenges to flow-sensitivity, except for the new
flow_sensitive category with eight test cases that we added. When manually compared to
PyCG for the flow_sensitive category, as expected, PyCG is incomplete for all eight test cases.
Furthermore, note that PyCG does not output line numbers in its analysis, and therefore, a
direct automated comparison is not possible.

Real-world Benchmark Results. Table 3.9 lists the precision and recall values of Header-
Gen for real-world notebooks. HeaderGen achieves an average of 95.6% precision and 95.3%
recall. Note that in four instances, the analysis achieves 100% precision and recall.

Losses in precision are primarily attributable to over-approximations in the type-stub database
used to infer return types. For example, a call such as x.isnull() can refer to either Series.isnull
or DataFrame.isnull, depending on the type of x. Since this distinction requires advanced data-
flow reasoning that goes beyond current capabilities, the analysis may produce multiple valid
interpretations. Conversely, reductions in recall occur when HeaderGen encounters complex
Python constructs not yet supported by the current implementation.
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Table 3.8: Micro-benchmark results for completeness and soundness of callsite recognition in
HeaderGen.

Category Complete Sound
args 6/6 6/6
assignments 3/4 3/4
builtins 3/3 1/3
classes 21/22 22/22
decorators 6/7 5/7
dicts 10/12 11/12
direct_calls 4/4 4/4
exceptions 3/3 3/3
flow_sensitive 8/8 8/8
functions 5/5 5/5
generators 6/6 6/6
imports 14/14 14/14
kwargs 2/3 3/3
lambdas 4/5 5/5
lists 7/8 7/8
mro 7/7 6/7
returns 4/4 4/4

Total 113/121 113/121

Extended Real-world Benchmark Results. The evaluation using the extended real-
world benchmark produced comparable outcomes, as summarized in Table 3.10. Across 15
additional notebooks, HeaderGen achieved an average precision of 94.4% and recall of 91.6%,
with two notebooks reaching 100% precision and recall. These results confirm that the accu-
racy achieved in the primary real-world benchmark generalizes well to notebooks from different
sources.

A notable exception occurs in notebook nb_111547, where recall drops to 66.7%. This re-
duction is attributed to extensive use of the DataFrame.apply and Series.apply methods, which
pass function references as arguments to operate across data structures. Although HeaderGen
can partially analyze these calls, the precise behavior of such methods depends on the runtime
data types within the DataFrame, information that is not statically available. This case il-
lustrates a known limitation of the approach, namely the difficulty of resolving callsites whose
semantics depend on dynamically determined data structures based on input data.

3.7 RQ3: Accuracy of Generated Headers
HeaderGen uses identified function calls within code cells to automatically generate descriptive
headers, which are categorized according to the taxonomy of machine learning operations. To
evaluate the accuracy of these generated headers, precision and recall are measured against
manually annotated ground truth in the real-world and extended real-world benchmarks.

Results. The precision and recall values are presented on the right-hand side of Table 3.9
and Table 3.10. Each generated header was evaluated based on its correspondence to the high-
level categories of the taxonomy illustrated in Figure 3.1. Across the real-world benchmark,
HeaderGen achieved a precision of 85.7% and a recall of 92.8%. For the extended real-world
benchmark, results were comparable, with a precision of 84.8% and a recall of 91.2%. The
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Table 3.9: Real-world benchmark evaluation for callsite recognition and header annotation

Id Callsite Recognition Header Annotation

Precision Recall Precision Recall

1 100 90.0 71.4 100
2 100 100 84.2 100
3 95.8 95.8 100 87.5
4 100 100 75.8 95.9
5 93.8 97.4 83.3 90.9

6 86.0 97.4 100 100
7 94.4 91.9 83.3 88.2
8 100 100 94.1 76.2
9 90.9 97.2 83.6 92.7
10 100 100 85.0 90.7

11 97.1 85.0 68.8 100
12 96.0 96.0 94.7 94.7
13 94.3 94.4 100 100
14 94.4 93.5 74.1 87.0
15 91.3 91.3 87.5 87.5

Average 95.6 95.3 85.7 92.8

Table 3.10: Extended benchmark evaluation for callsite recognition and header annotation

Id Callsite Recognition Header Annotation

Precision Recall Precision Recall

nb_111547 95.4 66.7 82.5 91.7
nb_12952 98.1 98.7 73.4 100
nb_13973 100 100 92.0 76.7
nb_2004 88.9 94.1 95.8 74.2

nb_24325 97.2 100 95.5 91.3

nb_27915 92.0 95.8 74.5 100
nb_44070 85.7 88.9 81.8 93.1
nb_50450 89.2 87.9 79.0 89.1
nb_5433 97.7 80.8 92.5 100
nb_6005 84.4 85.7 56.4 91.7

nb_62235 95.8 90.7 93.9 91.2
nb_62337 100 100 100 97.5
nb_79900 97.2 89.7 92.9 96.3
nb_87231 99.1 99.1 85.7 81.1
nb_96079 95.6 95.6 76.3 93.5

Average 94.4 91.6 84.8 91.2
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Table 3.11: Comparison with existing tools on our real-world benchmark

Tool Callsite Recognition Header Annotation
Precision Recall Precision Recall

HeaderGen 96.4 95.9 82.2 96.8
Pyright 96.7 87.2 83.8 82.7

Jedi 84.6 65.8 85.1 69.8
PyCG 41.7 23.3 84.6 26.2

similarity in performance across both datasets indicates that the header generation process
generalizes effectively to diverse notebooks. Losses in precision are primarily attributed to
APIs that correspond to multiple machine learning operations within the taxonomy, leading to
overlapping classifications.

Impact of Pattern Matching. To examine the influence of pattern matching on header
annotation accuracy, HeaderGen was executed with the pattern matching feature disabled,
and the resulting performance was compared to the default configuration. Results show that
enabling pattern matching substantially increases recall by 10.6% for the real-world benchmark
and 14.8% for the extended real-world benchmark. However, this improvement comes at the
cost of a reduction in precision, as broader pattern associations occasionally over-approximate
matches. Specifically, precision decreased by 2.3% for the real-world benchmark and 4.6% for
the extended real-world benchmark. These results suggest that pattern matching enhances
HeaderGen’s ability to identify relevant operations, but with a trade-off in precision.

3.8 RQ4: Comparison with Existing Tools
We compare HeaderGen in terms of callsite recognition and header annotation with PyCG,
pyright, and Jedi using our real-world benchmark. Since pyright is designed for type checking
and Jedi for auto-completion, we added helper functions to output type information and callsite
information as required by HeaderGen. In addition, to ensure a fair comparison, both pyright
and Jedi were supplied with the same type-stub database of machine learning libraries used by
HeaderGen.

Results. The comparative precision and recall results are summarized in Table 3.11. Be-
cause header annotation in HeaderGen depends on the underlying callsite recognition, tools
with higher recall in callsite detection correspondingly achieve higher recall in header annota-
tion. HeaderGen achieves the highest recall of 95.9%, which leads to a 96.8% recall in header
annotation of code cells. However, pyright is close with 87.2% recall for callsite recognition,
which leads to 82.7% recall for header annotation.

The loss of precision is attributed to the over-approximation of return-types in our type-stub
database, as discussed earlier. Nevertheless, the results indicate that HeaderGen offers the
most balanced trade-off between precision and recall while maintaining strong consistency across
both tasks.

Modeling of Pandas Behavior. To further understand the comparative differences be-
tween the tools, we examined their handling of data manipulation operations in the Pandas
library, which is widely used in machine learning workflows. Listing 3.1 presents representative
code patterns drawn from the real-world benchmark, and Table 3.12 summarizes the inferred
types for each variable.

The results show that both pyright and Jedi fail to infer the correct return types for vari-
ables x1 through x6. In contrast, HeaderGen accurately identifies all corresponding types
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1 import pandas as pd
2
3 df = pd.read_csv("./input.csv")
4 x1 = df["a"].map(lambda x: x + 1.0)
5 x2 = df.iloc[[False]].reset_index().copy()
6 x3 = df.a.fillna(0)
7 x4 = df.groupby(["a"])[["b"]].agg({"b": ["min"]})
8 x5 = df[["b", "c"]]
9 x6 = df.c.values.astype(int)

Listing 3.1: Common uses of Pandas DataFrame that existing tools fail to infer.

Table 3.12: Comparison of type inference by existing tools for listing 3.1

Var Actual HeaderGen Pyright Jedi

df DataFrame DataFrame DataFrame DataFrame

x1 Series Series Any Any

x2 DataFrame DataFrame Any Any

x3 Series Series Any Any

x4 DataFrame DataFrame Any Any

x5 DataFrame DataFrame Any Any

x6 Ndarray Ndarray Any Any

by modeling Pandas’ internal data access patterns. For example, the dot notation access df.a
(line 6) is ignored by the other tools but correctly interpreted by HeaderGen as a Series. This
capability enables HeaderGen to reason about complex chained operations that are common
in data preprocessing pipelines.

3.9 Related Work

Tool-support for Jupyter Notebooks. A considerable body of research has examined cod-
ing practices and software quality in Jupyter notebooks [KRA+18, RTH18, PMBF19, KES20,
WLZ20, EWDD22, QCL22, GTS+22]. These studies consistently indicate a deficiency in the
quality of notebooks, signaling a need for greater attention from the software engineering com-
munity. Despite these findings, there is a noticeable gap in research efforts focusing on tools
that can address the identified issues.

In a step towards addressing this gap, Wang et al. [WWD+22] introduced Themisto. This
tool prompts data scientists to document their code cells. It employs a deep learning method
to auto-generate code documentation in natural language and then suggests to users whether to
integrate or directly apply this documentation. Notably, Themisto relies on the Abstract Syntax
Tree (AST) of Python code for model training, without incorporating static analysis methods
to extract more contextual information from the code. We posit that the analytical capabilities
of HeaderGen might enhance deep learning approaches, potentially yielding better outcomes.

In another study, Pimentel et al. [PMBF19] studied 1.4 million notebooks for features that af-
fect reproducibility and suggested a set of best practices. Following this, Wang et al. [WKLZ20a]
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propose Osiris, a tool-based approach to restore reproducibility in notebooks by using AST
parsing for data-flow analysis to find dependencies of variables between code cells. Furthermore,
Yang et al. [YBLK22] design a static analysis approach to detect data leakage in notebooks.
In contrast, our contribution to this domain focuses on the automatic annotation of code cells,
offering tool-support for literal programming.

Static Analysis for Python. Python has grown to be one of the leading programming
languages, but the field still has a significant lack of static analysis tools [YMH22a]. Yang et
al. [YMH22a] emphasize that Python’s distinct characteristics make it difficult to use traditional
analysis methods developed from existing scientific research. One reason for this is Python’s
dynamic features, like duck typing, which while beneficial for rapid prototyping, complicate its
analysis.

A major advancement in Python static analysis came with the introduction of PyCG [SSL+21a],
a method for constructing call graphs. Yet, this method does not account for the flow of values
and is not tailored for Jupyter notebooks. Furthermore, Python still lacks a comprehensive
static analysis framework to produce data flow intermediate representations. The most related
work in this area is the Scalpel project [LWQ22], but it too falls short, particularly in inferring
return types for external functions and considering notebook cells.

In addition, Monat et al. [MOM20a] delve into using static abstract interpretation to aid
Python type analysis. This approach covers a broad range of constructs and precisely combines
domains, allowing sound knowledge of nominal and structural types and exceptions raised in the
program. Building on this foundation, Monat et al. [MOM20b] developed MOPSA, a prototype
tool that integrates value analysis. However, MOPSA focuses specifically on analyzing Python
code that is combined with C code. In this work, HeaderGen contributes to this research line
by providing practical methods for resolving return types of external API calls and extracting
flow-sensitive callsites through def-use analysis across notebook cells. However, MOPSA has the
potential to provide more reliable type stubs from C modules, which can benefit our work and
other analyses. We suggest future research to study this more closely.

Code classification. Code classification is fundamental for various tasks, such as de-
termining code authorship, identifying the programming language, and understanding source
file content. While significant work exists in this domain, studies that specifically focus on
Jupyter notebooks are limited. Several machine learning techniques have been instrumental in
the progress of this field. Methods like Max-entropy [ZH17], decision tree [UKG02], K-nearest
neighbor (KNN), and Naive Bayes [BGG14] are noteworthy. They are proficient in tasks like
predicting the programming language of source code and identifying the topics within a docu-
ment. Additionally, recent advancements in deep learning have introduced weakly supervised
transformer-based architectures for the classification and tagging of source code, as highlighted
by Zhang et al., [ZML+22].

Within the notebook domain, Ramasamy [RSBB22] introduced a supervised framework for
classifying data-science-related code cells. Their work framed the problem as topic classification,
supporting both single-label (one label per cell) and multi-label setups to accommodate cells
containing multiple operations. However, there are inherent limitations with their supervised
classification approach. As noted by the authors, the classification of notebook cells, particularly
those associated with evaluation, prediction, and visualization tasks, can achieve lower F1-scores
due to the skewed distribution of their training dataset, where certain labels are underrepre-
sented. In contrast, our method bypasses the need for an extensive pre-training process. By
leveraging API usage patterns to infer the functional intent of cells, HeaderGen provides a
more lightweight and adaptable solution suited to diverse real-world notebook scenarios.
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3.10 Limitations & Future work
To enhance the accuracy of function name resolution, we leverage Python’s reflection mecha-
nism. While this approach enables precise introspection, it also restricts API coverage, as the
analysis is dependent on the specific library versions installed in the environment. Our current
analysis predominantly focuses on machine learning applications. Nonetheless, the architecture
of the framework we designed is not confined to this domain. HeaderGen is equipped to an-
notate notebooks, accommodating domain-specific return-type stubs and library classifications.
Lastly, the present version of HeaderGen utilizes an ML taxonomy that comprises three main
categories. Recent studies on notebooks have introduced a more detailed taxonomy, and future
iterations of HeaderGen will adopt this refined classification.

The taxonomy classification model has been developed using a small dataset consisting of
400 function calls, which represents a constraint of our methodology. The process of curating a
dataset is costly and requires the involvement of several experts. Future work should investigate
the use of large language models to automate and extend the classification process.

Additionally, input from HeaderGen can be used to automatically restructure code cells
in notebooks for better readability. It can achieve this by reorganizing complex code cells,
particularly those encompassing multiple ML operations, into a sequential arrangement. Finally,
the flow-sensitive and accurate callsite recognition capabilities of HeaderGen open avenues for
large-scale empirical studies and mining of Python notebook code bases, facilitating new research
in code comprehension, reuse, and evolution.

3.11 Conclusion
This chapter presented HeaderGen, a static analysis technique developed to improve the com-
prehension and navigability of machine learning notebooks through automatic annotation. By
integrating flow-sensitive call-graph construction, return-type resolution, and semantic classi-
fication of notebook cells, HeaderGen combines the precision of program analysis with the
interpretability required for real-world data science workflows. The approach addresses the dual
challenge of reasoning about Python’s dynamic semantics while restoring structural organization
to undocumented notebooks.

The evaluation demonstrated that HeaderGen performs reliably across both controlled and
real-world environments. It achieved high precision and recall in callsite recognition and header
annotation, outperforming existing static analysis tools such as PyCG, pyright, and Jedi. The
user study further confirmed that practitioners experienced measurable gains in comprehension
and navigation when interacting with annotated notebooks, reinforcing the value of automated
structural guidance in exploratory computational work.

Beyond its immediate contributions, HeaderGen highlights a broader methodological gap:
the absence of standardized frameworks for evaluating the precision and recall of type inference
systems that underpin such analyses. Type inference constitutes a fundamental component of
static analysis for Python, as it enables the approximation of runtime behavior in a language
that lacks explicit type declarations. Accurate type information is essential for resolving the
targets of function calls, identifying dependencies, understanding object hierarchies, etc.

Consequently, type inference serves as the foundational layer upon which static reasoning
about Python programs is built. Establishing standardized methodologies for evaluating its
accuracy is therefore crucial, not only for assessing existing inference tools but also for ensuring
the validity of derived analyses such as call-graph generation. The next chapter addresses
this need through the introduction of TypeEvalPy, a benchmarking framework designed to
systematically evaluate and compare type inference systems.
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Type Inference Benchmarking
with TypeEvalPy

4
The development of type inference tools for Python has surged in recent years, driven by interest
from both academic researchers and the open-source community. Existing work introduces a
diverse range of techniques, varying from rule-based static analysis to advanced machine learning
approaches. Despite this progress, the evaluation landscape remains fragmented. Research
prototypes such as Type4Py [MLPG22a] and HiTyper [PGL+22] are typically evaluated on large-
scale, real-world datasets, whereas open-source tools are often validated against narrow, tool-
specific test suites. This lack of a controlled, reproducible benchmarking environment prevents
a uniform comparison of state-of-the-art systems.

Current evaluation practices suffer from three primary methodological constraints:

1. Inconsistent Datasets: Studies frequently use different datasets, making direct compar-
isons of tool performance impossible [MLPG22a, PGL+22, HBBA18, ABDG20b].

2. Unverified Ground Truth: Large-scale real-world datasets are not human-verified.
They often contain inaccurate labels or inconsistent annotations, thereby compromising
the validity of the reported metrics [DGP22b].

3. Lack of Granularity: Evaluations rely on aggregate scores that mask performance on
specific language features. For instance, a global accuracy score fails to reveal how a tool
handles specific language features such as iterator types, decorators, or type propagation
in higher-order functions.

To address these issues, this dissertation’s second major contribution introduces TypeEvalPy,
a micro-benchmark and evaluation framework that provides a controlled, feature-specific, and
reproducible assessment of Python type inference systems. Leveraging this framework, we per-
form an extensive evaluation of six leading tools, providing the first granular comparison of how
rule-based and learning-based approaches handle dynamic Python constructs.

Structure. The remainder of this chapter is organized as follows: Section 4.1 details the
framework design and the construction of the micro-benchmark. Section 4.2 states the research
question, while Section 4.3 introduces the six inference tools selected for the study. The empirical
comparison is presented in Section 4.4, followed by a discussion of the findings in Section 4.5.
We address the limitations in Section 4.6 and, finally, conclude the chapter in Section 4.7.
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Figure 4.1: Overview of benchmarking workflow in TypeEvalPy

4.1 TypeEvalPy Framework
The TypeEvalPy framework establishes a uniform environment for executing type inference
tools and normalizing their outputs. The benchmark consists of 154 manually curated snippets,
each targeting a distinct Python construct with verified ground-truth annotations. Furthermore,
the framework standardizes tool execution through containerized environments and uniform
interfaces, ensuring that diverse inference systems can be analyzed under identical conditions
and a standardized evaluation metric.

As illustrated in Figure 4.1, the workflow integrates four primary components:

1. Micro-benchmark: 154 manually curated snippets with ground-truth annotations.

2. Runner: A containerized execution engine.

3. Translator: An interface to normalize tool outputs.

4. Result Analyzer: A module for computing evaluation metrics.

The following sections describe each component and its role in the evaluation process.

4.1.1 Micro-benchmark

The core of the evaluation framework is the micro-benchmark, a collection of 154 code snip-
pets designed to isolate and test specific Python language features. As outlined in Table 4.1,
these snippets are organized into 18 categories adapted from the taxonomy established by the
PyCG [SSL+21a] call-graph benchmark. Each snippet is accompanied by a manually curated
set of ground-truth data, totaling 845 individual type annotations.

Schema for Ground-Truth Annotations. To ensure a tool-agnostic evaluation, TypeEvalPy
normalizes ground-truth types into a uniform JSON-based schema. This schema encodes essen-
tial metadata for each annotation, including the target entity, precise program location (line
number and column offset), and type category. To illustrate this structure, Listing 4.1 presents
a sample Python snippet, while Listing 4.2 details its corresponding ground-truth representation
under the TypeEvalPy schema.

The schema defines three distinct annotation categories:

• Function Return Type (FRT): Identifies the set of possible return types for a given
function.

• Function Parameter Type (FPT): Enumerates all types passed to a specific parameter
of a function across all the observed calling contexts.
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1 def id_func(arg):
2 x = arg
3 return x
4
5 result = id_func("String")
6 result = id_func(1)

Listing 4.1: simple_code.py

1 [{
2 "file": "simple_code.py",
3 "line_number": 1,
4 "col_offset": 1,
5 "function": "id_func",
6 "type": ["int", "str"]
7 },
8 {
9 "file": "simple_code.py",

10 "line_number": 1,
11 "col_offset": 13,
12 "function": "id_func",
13 "parameter": "arg",
14 "type": ["int", "str"]
15 },
16 {
17 "file": "simple_code.py",
18 "line_number": 2,
19 "col_offset": 5,
20 "function": "id_func",
21 "type": ["int", "str"],
22 "variable": "x"
23 },
24 {
25 "file": "simple_code.py",
26 "line_number": 5,
27 "col_offset": 1,
28 "type": ["str"],
29 "variable": "result"
30 },
31 {
32 "file": "simple_code.py",
33 "line_number": 6,
34 "col_offset": 1,
35 "type": ["int"],
36 "variable": "result"
37 }]

Listing 4.2: Annotations for simple_code.py

Figure 4.2: Example code snippet and associated ground-truth annotations
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Table 4.1: Categories in the TypeEvalPy micro-benchmark

Category Count Description

args 8 Snippets involving positional arguments and argument unpacking.
assignments 8 Assignment patterns, including chained and multiple assignments.
builtins 7 Use of Python built-in functions and operations.
classes 26 Class definitions, attribute access, methods, and instantiation.
decorators 8 Decorator usage and its effect on function signatures.
dicts 15 Dictionary construction, updates, iteration, and key-value access.
direct_calls 6 Direct function invocation without intermediate indirection.
dynamic 3 Dynamic features such as runtime attribute creation or modification.
exceptions 2 Exception raising, handling, and propagation constructs.
external 7 Interactions with external library calls.
functions 9 Function definitions, parameter handling, and return behavior.
generators 6 Generator functions, yield semantics, and iteration.
imports 14 Import statements and module-level namespace resolution.
kwargs 4 Keyword arguments, default values, and dictionary-based unpacking.
lambdas 6 Lambda expressions and their use as first-class functions.
lists 10 List creation, indexing, slicing, and mutation.
mro 7 Method resolution order, inheritance hierarchies, and overriding.
returns 8 Return statements and multiple-return-type behavior.

• Local Variable Type (LVT): Describes types associated with variables defined within
a function scope or at the module level.

The ground-truth annotation in Listing 4.2 illustrates these categories. The first entry defines
the return type of id_func as the union [‘int’, ‘str’], matching the type assigned to the
parameter arg in the second entry, aggregated from the two invocations (“String” and 1). The
remaining entries capture local variable behavior: the third annotation tracks the function-
local variable x, also typed as [‘int’, ‘str’]. Finally, the last two annotations document
the module-level variable result at two distinct program points; notably, the type shifts from
[‘str’] at line 5 to [‘int’] at line 6, capturing the reassignment of the variable.

Design Requirements.

• Requirement 1: Capturing Dynamic Behavior. Unlike static languages, where types
are bound to variable declarations, Python variables are dynamic. Therefore, the ground
truth must reflect the dynamic type a variable holds at specific execution points.

• Requirement 2: Compatibility with Standard Practices. The framework must
evaluate tools ranging from strict static analyzers to probabilistic ML models. Since most
existing tools align their outputs with PEP-484 1 (Python Type Hints), the ground truth

1https://peps.python.org/pep-0484/
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schema must be compatible with these standard practices (e.g., using Union types) rather
than requiring complex representations that most tools cannot produce.

• Requirement 3: Granular Verification. To enable precise error analysis, the evalua-
tion must decouple complex type structures. For instance, considering Python containers
can have heterogeneous types, verifying a container’s type should be distinct from verifying
the types of its elements individually.

Design Considerations for Ground-Truth Construction. The construction of the ground
truth is governed by a set of methodological principles designed to ensure consistency, clarity,
and suitability for automated comparison. The benchmark adopts the following design choices:

• Location-Specific Typing: Annotations are strictly bound to specific program coordi-
nates (line number and column offset). This granularity allows the benchmark to capture
variable reassignments, recording distinct types for the same identifier as its value evolves
during execution.

• Context-Insensitive Aggregation: The benchmark records the union of all observed
types for function parameters, return values, and local variables. This captures the ac-
cumulated behavior across all calling contexts without distinguishing between individual
call paths. While distinct call traces would offer higher precision, we aggregate these into
standard PEP-484 Union types to ensure compatibility with the majority of static analysis
and ML tools, which do not typically output context-sensitive types.

• Generic Container Abstraction: To mitigate ambiguity in complex nested structures,
container annotations omit element type parameters. For instance, a list of integers is
recorded simply as List rather than List[int]. Instead, the elements contained within
are annotated individually at their respective program points.

• Exclusion of the Any Type: The benchmark avoids the use of Any. When a function
returns multiple concrete types, all observed types are explicitly enumerated.

• Explicit NoneType: Functions lacking an explicit return statement are annotated with
NoneType to represent the actual return value.

4.1.2 Runner

The runner component orchestrates the execution of type inference tools under controlled and
reproducible conditions. By encapsulating the entire lifecycle of a tool’s execution, the runner
ensures consistent dependencies and uniform access to the benchmark.

Operationally, the runner manages the workflow for each tool: it builds the corresponding
Docker image, configures the execution environment, and transfers the benchmark snippets into
the container. The component then invokes the tool’s analysis script and streams execution logs
for diagnostic purposes. Once the inference completes, the runner extracts the raw results from
the container and stores them in the designated host directory.

Following extraction, the runner coordinates the post-processing phase by invoking the
translator to convert tool-specific outputs into the canonical TypeEvalPy schema. Once
the data is normalized, the runner automatically triggers the result analyzer.

To accommodate the specific requirements of different tools, the framework employs spe-
cialized subclasses. These extensions allow for tool-specific configurations, such as adjusting
runtime parameters, enabling GPU acceleration, or modifying the invocation command, while
retaining full compatibility with the general execution protocol.
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4.1.3 Translator

The translator component is responsible for standardizing the heterogeneous outputs produced
by individual type inference tools. Since these tools differ substantially in how they report
inferred types, program locations, and identifier names, normalization is a prerequisite for fair
comparison. This component bridges the gap, ensuring that all tool outputs are uniformly
ingested by the result analyzer.

To achieve this consistency, the translator performs three core normalization tasks:

1. Entity Alignment: It maps tool-specific identifiers to the corresponding entities defined
in the benchmark ground truth. This step is essential to resolve naming discrepancies,
such as when tools output paths that have a different naming convention or symbols.

2. Type Normalization: It converts native type representations into the TypeEvalPy
schema (e.g., standardizing None to NoneType). This aligns inconsistent naming conven-
tions across tools, ensuring that semantically equivalent types (e.g., builtins.int vs. int)
are correctly matched.

3. Filtering: It discards predictions that cannot be matched to valid program entities or
lack required metadata. This eliminates noise by excluding internal tool artifacts.

While translators of all supported tools in TypeEvalPy adhere to this common interface,
their internal logic is tailored to the complexity of the target tool. For tools like HiTyper, which
use distinct identifiers for functions and classes, the translator reconstructs fully qualified names
to resolve ground-truth matches and sanitizes type strings by removing unnecessary module
prefixes. Conversely, for tools like Pyright, which produce outputs structurally similar to the
benchmark schema, the translator functions primarily as a validator, filtering incomplete entries
and correcting minor formatting inconsistencies to ensure strict adherence to the schema.

4.1.4 Result Analyzer

The result analyzer quantifies the performance of each tool by comparing normalized pre-
dictions against the ground truth. The analysis relies on a deterministic matching procedure
that aligns inferred facts with ground-truth entities based on file name, program location, and
category.

Based on this alignment, the analyzer computes a comprehensive set of quantitative metrics:

• Exact matches: The proportion of inferred types that match the ground truth exactly.

• Precision: The ratio of correctly inferred types to the total number of types reported by
the tool.

• Recall: The ratio of correctly inferred types to the total number of types present in the
ground truth.

• Soundness: A measure of the tool’s ability to identify all possible types specified in the
code, ensuring no valid types are omitted.

• Completeness: A measure of the tool’s ability to report only the types that are present,
avoiding incorrect or extraneous predictions.

• Top-n Accuracy: For probabilistic (ML-based) tools, the frequency with which the
correct type appears within the top-n predictions.
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These metrics are computed at two levels of granularity. Category-level analysis aggregates
metrics for specific Python features (e.g., decorators, generators), enabling a fine-grained inspec-
tion of a tool’s strengths and weaknesses. Benchmark-level analysis consolidates results across
all categories to provide high-level statistics for cross-tool comparison.

In addition to quantitative metrics, the analyzer generates actionable diagnostic reports.
These reports explicitly enumerate missing types (valid types missed by the tool) and mis-
matched types (inferred types that contradict the ground truth), facilitating detailed failure
analysis.

4.2 Research Question
To validate the utility of TypeEvalPy and assess the current state of the art, this section
anchors its empirical evaluation to the following research question:

How do rule-based, learning-based, and hybrid type inference systems compare against each
other when applied to Python constructs?

Answering this question requires a comparative analysis of tools that exemplify these distinct
paradigms. Consequently, the following section details the selection of representative systems
used to conduct this evaluation.

4.3 Tool Selection
To address the proposed research question, we selected six inference systems that represent the
full spectrum of techniques currently employed in Python type analysis.

To ensure a comprehensive evaluation, the selection spans three distinct paradigms:

1. Static Analysis: Tools relying on rule-based control-flow and data-flow analysis (Header-
Gen [SVWLB23b], Jedi [Hal22], Pyright [Sta22], Scalpel [LWQ22]).

2. Machine Learning: Data-driven approaches utilizing vector embeddings and deep learning
(Type4Py [MLPG22a]).

3. Hybrid Approaches: Systems that combine rule-based static analysis with learning-
based approaches (HiTyper [PGL+22]).

The following overview summarizes these approaches:

HeaderGen HeaderGen [SVWLB23b], introduced in Chapter 3, is a system originally devel-
oped to improve the readability of Jupyter notebooks. It serves as a representative example of
type inference grounded in pure static analysis. Its analysis pipeline constructs a flow-sensitive
assignment graph that tracks relationships between identifiers. Through fixed-point iteration,
HeaderGen propagates type information to resolve variables, parameters, and return values.

Jedi Jedi [Hal22] is a widely used open-source library designed primarily for IDE code comple-
tion and navigation. It represents a heuristic approach to static inference. Unlike whole-program
analyzers, Jedi employs a lazy evaluation model, resolving only the expressions required for the
current context. Built upon the parso2 parser, it applies name resolution across scopes and
imports to infer possible values on demand.

2https://github.com/davidhalter/parso
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Pyright Pyright [Sta22] is a high-performance static type checker maintained by Microsoft.
It performs type inference within the constraints of the PEP 484 type system, supporting union
types, generics, conditional narrowing, and a wide range of modern typing features. Pyright
analyzes code by combining control-flow reasoning with structural type rules, enabling it to
refine inferred types across branches and propagate annotations through assignment and call
chains. Its architecture includes both a command-line checker and a language server, making
it suitable for integration with development tools while maintaining high performance on large
codebases.

Scalpel Scalpel [LWQ22] is a static analysis framework that provides foundational abstractions
such as control-flow graphs, static single-assignment forms, and alias analysis. While primarily
a framework for building custom analyzers, its built-in type inference module utilizes backward
data-flow analysis to refine types across assignments and interprocedural edges. It serves as an
example of academic static analysis frameworks adapted for type inference tasks.

Type4Py Type4Py [MLPG22a] represents the state-of-the-art in machine-learning-based type
inference. It employs a deep similarity learning model to predict types for variables, parameters,
and return values. The system projects code fragments and type representations into a shared
vector space using a hierarchical neural architecture. Inference is then performed via nearest-
neighbor search within this embedding space. Notably, Type4Py is trained on a type-checked
corpus to reduce noise, and its ability to produce ranked lists of candidates allows for evaluation
under top-n conditions.

HiTyper HiTyper [PGL+22] is a hybrid system that bridges rule-based static analysis and
ML-based prediction. Its core abstraction is the Type Dependency Graph (TDG), which models
relationships among program entities. HiTyper iterates between applying static propagation
rules to the TDG and invoking a neural network model to suggest types where static constraints
are insufficient. By employing rejection rules to filter inconsistent predictions, HiTyper leverages
the complementary strengths of logical consistency (static) and pattern recognition (ML).

4.4 Results

We now present a systematic empirical evaluation of the Python type inference landscape. To
isolate the impact of the machine-learning component, HiTyper is evaluated in two configura-
tions: HiTyper (Static): The baseline configuration relying solely on rule-based propagation and
HiTyper-DL (Hybrid): The full configuration augmenting static analysis with neural predictions
from Type4Py.

The evaluation assesses the performance of type inference systems using three standard
metrics: exact matches, soundness, and completeness. Additionally, for ML-based systems, we
analyze the predictions under a top-n setting.

Static Analysis Tools

Table 4.2 details the performance of the static analysis tools across the 18 benchmark categories.
HeaderGen emerged as the top-performing tool overall, achieving 564 exact matches out

of 845 annotations (66%). It demonstrated consistent performance across all annotation types,
Function Returns (FRT), Function Parameters (FPT), and Local Variables (LVT), with partic-
ular strength in resolving local variable types.
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Following this, Jedi and Pyright achieved 415 (49%) and 405 (47%) exact matches, respec-
tively. While their aggregate performance is comparable, their specific strengths diverge. Pyright
excels in the builtins category (45 matches vs. 21 for Jedi), reflecting its rigorous adherence to
standard library typing stubs. In contrast, Jedi proves more effective in the external category
(8 matches vs. 2 for Pyright), likely due to its heuristic-based approach to third-party library
resolution. However, both tools exhibit a conservative design philosophy regarding function
parameters. Unless explicit type annotations are available and matched, they default to Any,
resulting in negligible accuracy for FPT annotations (0 for Jedi and 8 for Pyright).

Conversely, Scalpel achieved 193 exact matches (22%). This lower score reflects its narrower
feature coverage compared to the industry-standard tools. Scalpel struggles significantly with
categories involving dynamic constructs, higher-order functions, or complex inheritance, limiting
its effectiveness as a general-purpose inference tool.

Table 4.2: Comparison of exact matches, sound, and complete values of type inference tools
for micro-benchmark categories (HeaderGen, Jedi, Pyright, Scalpel). The benchmark comprises
154 test cases with 845 type annotations. Abbreviations: LVT (Local Variable Type), FRT
(Function Return Type), FPT (Function Parameter Type).

Category HeaderGen Jedi Pyright Scalpel

FRT FPT LVT FRT FPT LVT FRT FPT LVT FRT FPT LVT

args 17 9 12 12 0 9 8 1 8 8 7 0
assignments 15 1 33 20 0 21 20 0 25 20 2 1
builtins 0 0 26 0 0 21 1 0 45 0 0 0
classes 39 7 67 0 0 57 1 0 46 25 0 0
decorators 11 6 2 10 0 8 7 0 3 16 3 0
dicts 23 3 60 21 0 34 19 2 50 19 2 1
direct_calls 10 3 8 6 0 7 3 0 6 5 1 0
dynamic 1 0 2 1 0 2 1 0 2 1 0 0
exceptions 0 0 2 0 0 1 0 0 1 0 0 0
external 0 0 3 0 0 8 0 0 2 0 1 0
functions 8 9 12 5 0 14 5 2 13 6 5 1
generators 9 4 17 5 0 23 4 3 18 6 1 3
imports 3 0 11 1 0 16 3 0 20 3 0 0
kwargs 8 5 5 7 0 4 4 0 5 4 4 0
lambdas 3 7 4 6 0 11 2 0 1 2 4 0
lists 14 1 26 17 0 27 13 0 25 16 1 0
mro 14 0 16 0 0 13 0 0 14 13 0 0
returns 11 1 16 11 0 17 9 0 13 11 1 0

Total 186 56 322 122 0 293 100 8 297 155 32 6

564/845 415/845 405/845 193/845

Sound 68/154 24/154 21/154 0/154
Complete 55/154 30/154 91/154 81/154
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Machine-Learning-Based Tools

Table 4.3 details the performance metrics for the machine-learning-based systems.
The benefit of augmenting static analysis with neural inference is evident in the performance

gap between HiTyper and HiTyper-DL. The hybrid configuration (HiTyper-DL) achieved 369
exact matches (43%), significantly outperforming the static-only baseline, which obtained 250
matches (29%). This augmentation proves particularly effective in categories where static anal-
ysis traditionally struggles with ambiguity, such as classes (70 overall matches vs. 47) and
dicts (45 overall matches vs. 38). These results suggest that neural predictions successfully
bridge critical information gaps in the static type dependency graph that HiTyper generates,
resolving types that rule-based propagation fails to capture.

In contrast, Type4Py, which operates as a purely data-driven system, achieved 157 exact
matches (18%). This lower performance highlights the difficulty of generalizing learned pat-
terns to out-of-distribution code snippets without the grounding provided by static analysis
constraints.

Table 4.3: Comparison of exact matches, sound, and complete values of type inference tools
for micro-benchmark categories (HiTyper, HiTyper-DL, Type4Py). The benchmark comprises
154 test cases with 845 type annotations. Abbreviations: LVT (Local Variable Type), FRT
(Function Return Type), FPT (Function Parameter Type).

Category HiTyper HiTyper-DL Type4Py

FRT FPT LVT FRT FPT LVT FRT FPT LVT

args 8 0 0 12 0 6 11 2 6
assignments 20 0 5 21 4 9 0 2 5
builtins 1 0 17 1 2 18 1 2 8
classes 24 0 23 27 2 41 0 0 17
decorators 7 0 0 8 0 3 7 0 3
dicts 20 2 16 20 3 22 2 3 18
direct_calls 2 0 0 3 2 4 2 2 4
dynamic 1 0 2 1 0 5 0 0 5
exceptions 0 0 1 0 0 1 0 0 0
external 0 0 2 1 0 4 1 0 1
functions 3 2 1 5 5 5 1 3 4
generators 10 3 11 10 5 11 1 1 3
imports 3 0 0 3 0 11 3 0 10
kwargs 4 0 0 7 0 0 3 0 0
lambdas 3 0 5 3 0 7 0 0 2
lists 13 0 13 16 3 16 2 3 4
mro 13 0 6 15 0 11 0 0 4
returns 9 0 0 10 1 5 5 1 5

Total 141 7 102 163 27 179 39 19 99

250/845 369/845 157/845

Sound 3/154 18/154 5/154
Complete 135/154 32/154 11/154
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Table 4.4: top-n exact matches comparison with ML tools

Tool top-n FRT FPT LVT Total
HeaderGen 1 186 56 322 564
HiTyper-DL 1 163 27 179 369

3 173 37 225 435
5 175 37 229 441

Type4Py 1 39 19 99 157
3 103 31 167 301
5 109 31 174 314

Soundness and Completeness

Soundness and completeness are evaluated using strict, test-case-level criteria. A tool is con-
sidered sound for a given test case if it produces zero false negatives (i.e., it misses no valid
types). Conversely, it is considered complete if it produces zero false positives (i.e., it reports
no erroneous types). Under this strict binary standard, a single error in a test case fails the
respective metric.

HeaderGen achieved the most balanced profile, demonstrating soundness on 68 of 154 snip-
pets (44%) and completeness on 55 (35%). Among the ML-based tools, HiTyper showed poor
soundness with 3/154, but the hybrid HiTyper-DL improved this to 18/154. While this increase
is modest, it confirms that ML-based augmentation helps to capture types that static analy-
sis misses. Notably, the purely static HiTyper configuration appears highly complete (87%),
but this metric is inflated by the tool’s failure to produce any predictions for 34 test cases;
since an empty result set contains no false positives, these cases are technically marked as com-
plete. Type4Py exhibited low scores for both soundness and completeness, further reflecting the
stochastic nature of pure ML-based prediction on this benchmark.

Top-n Evaluation

Table 4.4 compares the top-n accuracy of the machine-learning-based tools against the best-
performing static tool, HeaderGen.

HiTyper-DL shows significant improvement when considering top-5 predictions, reaching 441
exact matches (78.2% of HeaderGen’s score). However, the marginal gain between top-3 and
top-5 is minimal, indicating that the majority of correct predictions fall within the first three
candidates. Type4Py benefits immensely from this relaxed constraint; its exact matches nearly
double from top-1 to top-3. Yet, similar to HiTyper-DL, its performance plateaus after the top-3
types.

Overall, while the top-n results demonstrate the promise of probabilistic models, particularly
for suggesting likely types in an IDE context, they still trail the precision of robust static analysis
even when granted a margin of error.

4.5 Discussion

This section interprets the empirical findings to analyze how architectural choices shape trade-
offs among precision, coverage, and adaptability, and reflects on broader implications for Python
type inference research.
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4.5.1 HeaderGen

HeaderGen demonstrated the most consistent performance across the benchmark, balancing
precision with broad feature coverage. Its analysis, built upon PyCG, enables the robust prop-
agation of type information through assignments and control structures. Its primary advantage
stems from the construction of an Extended Assignment Graph, which augments the underlying
PyCG framework with Definition-Use Chains, enabling HeaderGen to index variable definitions
by their specific program location, preventing the imprecise merging of reassignments. This al-
lows the tool to model the sequential evolution of data types, enabling accurate type inference.

However, the tool exhibits clear limitations in the builtins and external categories, indi-
cating restricted support for leveraging type stubs. While HeaderGen can incorporate external
type information, it currently lacks the logic to handle advanced stub features, such as overloads
or context-sensitive type definitions, which limits its ability to reason about richly annotated
third-party libraries. Despite these constraints, HeaderGen remains the most reliable static
analysis tool evaluated, balancing soundness and completeness more effectively than the other
baselines.

4.5.2 Jedi

Jedi, an open-source community-driven static analysis tool designed for IDEs, provides broad
support for Python’s feature set. Its ability to incorporate external modules and partially
reason about library-provided behavior contributes to its strong performance in the builtins
and external categories.

However, diagnostic analysis using TypeEvalPy identified a recurring semantic error: when
a variable receives a function as an argument, Jedi frequently infers the function’s return type
rather than the type Callable. This behavior, observed in 18 cases, suggests a gap in Jedi’s
modeling of higher-order functions. While Jedi excels at the latency-sensitive name resolution
required for code completion, its underlying inference model shows limitations when subjected
to a rigorous semantic benchmark.

4.5.3 Pyright

Pyright stands out for its precise integration of Typeshed 3 and third-party typestubs. This inte-
gration is directly reflected in its top-tier performance for the builtins and external categories.
Compared to Jedi, Pyright offers superior inference for function parameters and local variables,
although it remains conservative, defaulting to Any in the absence of explicit constraints.

A significant barrier to using Pyright in research contexts, however, is its architecture. Im-
plemented in TypeScript, it does not expose a native API for accessing intermediate inference
results. To evaluate it within TypeEvalPy, we had to develop a custom Language Server
Protocol (LSP) client to query the server for every program element. This workaround high-
lights a missed opportunity: providing official programmatic interfaces would expand Pyright’s
applicability within the static analysis research community.

4.5.4 Scalpel

Scalpel proves effective for function-level analysis, ranking second among static tools for return
(FRT) and parameter (FPT) types. However, its analysis is currently incomplete; it lacks
support for inferring local variable (LVT) types, resulting in only six LV matches across the
entire benchmark.

3https://github.com/python/typeshed
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This omission severely impacts its overall utility. Additionally, Scalpel does not attempt to
model types from external libraries, thereby limiting its relevance to real-world, dependency-
heavy projects. Nevertheless, Scalpel is designed as a modular framework rather than a user-
facing tool. Its support for control-flow graph construction, alias analysis, and call-graph gener-
ation makes it a valuable foundation for building custom analyzers. Improving its type inference
component represents a clear pathway for future development.

4.5.5 Type4Py

Type4Py illustrates the trade-offs inherent in pure machine learning approaches. It uses deep
similarity learning to infer types from high-dimensional embeddings of code and identifiers.
Because its predictions are constrained to the distribution of types encountered during training,
it struggles with categories that require structural reasoning, such as classes.

The model relies heavily on lexical features like variable names, signatures, and usage con-
texts. This limits its ability to generalize to rare or structurally complex types. Interestingly,
it performs comparatively better on local variables than on function signatures, likely reflecting
the prevalence of local variable assignments in its training corpus. Given its probabilistic nature,
Type4Py benefits substantially from top-n evaluation; considering the top-3 or top-5 predictions
nearly doubles its accuracy. This suggests that its primary utility lies not in serving as a precise
verifier, but as an assistive recommendation engine for developers.

4.5.6 HiTyper and HiTyper-DL

HiTyper represents a hybrid architecture that attempts to fuse static analysis with neural pre-
dictions. The evaluation reveals that its static component is highly unsound, despite its attempt
to be highly complete.

The hybrid variant, HiTyper-DL, improves accuracy by integrating predictions from Type4Py
and employing “rejection rules” to filter inconsistent candidates. However, the rejection rules
frequently discard valid neural candidates to avoid false positives, effectively lowering the sys-
tem’s recall. Furthermore, the hybrid approach imposes considerable computational overhead
without a proportional gain in soundness; only 15 of the 154 sound results originated from the
ML component. These results illustrate that while hybrid inference is conceptually promising,
balancing the rigor of static analysis with the fuzziness of ML-based predictions remains an open
challenge.

4.5.7 Outlook

Our evaluation indicates that no single tool excels across all dimensions of Python type in-
ference. While HeaderGen delivers the most balanced and logically consistent performance,
it currently lags behind industry-standard tools such as Pyright and Jedi in support for the
Typeshed ecosystem. Conversely, HiTyper-DL demonstrates that hybridizing static and learned
inference can outperform either approach in isolation, though significant integration challenges
remain. Consequently, the most promising path for future research lies in synergistic com-
binations, specifically, augmenting HeaderGen’s robust analysis with Type4Py’s probabilistic
suggestion engine to create a system that is both semantically sound and lexically aware.

4.6 Limitations

While TypeEvalPy provides a rigorous and verified baseline for evaluating type inference, the
methodology is subject to constraints inherent to manual curation. These limitations primarily
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stem from the trade-off between precision (verified ground truth) and scale.

Insufficient Ground-Truth Volume. The current micro-benchmark comprises 154 code
snippets. While this volume is sufficient to identify specific failure modes in deterministic static
analysis tools (e.g., HeaderGen or Pyright), it is statistically insufficient for evaluating proba-
bilistic models. For data-driven approaches like using Large Language Models, a small test set
may reflect the memorization of common patterns rather than genuine reasoning capabilities.

High Annotation Costs. The creation of verified ground truth is labor-intensive, requiring
expert domain knowledge to manually trace types and resolve ambiguities. This high annotation
cost creates a bottleneck that prevents the benchmark from scaling to thousands of examples.

Limited Diversity of Base Types. Critically, the manual benchmark exhibits a skewed
distribution of Python base types. Common types such as str and int are over-represented,
while other primitives appear less frequently. This imbalance allows learning-based models to
achieve artificially high exact-match scores by biasing their predictions toward the most frequent
types, rather than demonstrating a genuine understanding of the variable’s content.

These limitations highlight the necessity for scalable, automated alternatives, a challenge we
address in the subsequent chapter through the introduction of synthetic benchmark generation.

4.7 Conclusion
This chapter introduced TypeEvalPy, a micro-benchmarking framework designed to enable
a controlled, reproducible, and fine-grained evaluation of Python type inference systems. By
standardizing tool execution, normalizing inference outputs, and providing rigorous ground-truth
metrics, TypeEvalPy establishes a unified environment for comparing static, learning-based,
and hybrid inference approaches.

Using this framework, we conducted an empirical study of six representative tools. The
results reveal significant variation in the capabilities of existing techniques. Among static ap-
proaches, HeaderGen achieved the most balanced performance, delivering high exact-match
accuracy alongside strong soundness and completeness. Jedi and Pyright demonstrated supe-
rior handling of external libraries and built-in types, largely due to their integration with the
Typeshed ecosystem, but suffered from a systemic inability to infer function parameter types.
Scalpel, while effective at the function level, was constrained by its lack of local variable analysis.

The learning-based systems highlighted a different set of trade-offs. Type4Py showed promise
in local variable inference but was limited by its dependence on training distribution and its in-
ability to reason about unseen types. The hybrid system HiTyper-DL successfully demonstrated
that ML-based predictions can augment static analysis, yet it also revealed the inherent diffi-
culty of integrating probabilistic suggestions with strict static constraints without compromising
soundness.

The limitations uncovered in this study point to a growing need for methods that can reason
more flexibly about dynamic patterns, ambiguous contexts, and complex dependencies, areas
where traditional static analyses struggle. Recent advances in LLMs offer a potential solution:
a new paradigm capable of deducing code semantics through statistical, contextual, and learned
representations rather than rigid rule systems.

The next chapter explores this emerging direction in depth. We examine how LLMs can
complement, extend, or even surpass conventional static analyses in tasks such as type inference
and call-graph construction, building directly on the evaluation methodology established here.
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Large Language Models for Static
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5
The history of static analysis (SA) has been defined by the struggle to balance analysis accu-
racy with the dynamic nature of modern programming languages. Traditional rule-based tools,
while effective in static contexts, inherently lack the flexibility to handle runtime behaviors
found in Python or JavaScript. As the field moves toward probabilistic, data-driven methods,
Large Language Models (LLMs) have emerged as a transformative force in Software Engineer-
ing [RWSI24, HCC+24, HZL+23, FGH+23, ZFX+23, ZNC+23].

Models such as BERT [DCLT19], T5 [RSR+23], and GPT [RWC+19] have demonstrated
potential in automating complex SA tasks [ZFX+23]. Recent works have shown how different
SA tasks can benefit from LLMs, such as false-positives pruning [LHZQ23a], improved program
behavior summarization [LHZQ23b], type annotation [SEP+23], and general enhancements in
precision and scalability of SA tasks [LHZQ23b, MAH+24], both fundamental issues of SA.

Despite these advances, the application of LLMs to core SA tasks, specifically Type Inference
and Call-Graph Construction, remains significantly under-explored. Comprehensive evaluation
in this domain is currently hindered by the methodological constraints identified in Chapter 4:
insufficient ground-truth volume, high annotation costs, limited semantic diversity,
and the inherent inconsistency of developer-annotated code. These factors restrict eval-
uation to common cases, failing to stress-test models against diverse edge cases. To rigorously
evaluate whether LLMs can replace or augment traditional tools, it is imperative to overcome
these barriers through the development of scalable and diverse evaluation methodologies.

Consequently, this dissertation’s third major contribution introduces two advancements to
the evaluation landscape:

1. Scaling Type Evaluation via Auto-Generation: The manual TypeEvalPy bench-
mark [SVSW+23] is constrained by a limited ground-truth size, covering only 860 type
annotations. We introduce TypeEvalPyAutoGen to automatically generate and scale the
evaluation to 77,268 type annotations, ensuring models are tested on generalizability and
diverse type usages.

2. Multi-Language Call-Graph Benchmarking: To evaluate structural reasoning be-
yond Python, we introduce SWARMCG, a comprehensive benchmarking suite for evalu-
ating call-graph construction tools across multiple programming languages. This includes
the development of SWARMJS, a specialized micro-benchmark for JavaScript, enabling
consistent cross-language comparison of call-graph construction capabilities.
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Leveraging these advancements, we conducted a comprehensive empirical study to rigorously
benchmark the state of the art. We evaluated 24 distinct models, ranging from proprietary sys-
tems like OpenAI’s GPT-4o to open-source models such as LLaMA and Mistral. This evaluation
utilizes our suite of controlled micro-benchmarks, specifically TypeEvalPyAutoGen for type in-
ference and SWARMJS alongside PyCG for call-graph analysis, to isolate specific language
features and ensure rigorous ground-truth validation.

Our decision to rely on these micro-benchmarks rather than large-scale real-world repositories
is deliberate. While real-world data provides scale, it is frequently susceptible to human error
and noise [DGP22b]. In contrast, our micro-benchmarks allow for rigorous manual inspection
and the isolation of specific language characteristics, ensuring that observed failures are due to
model limitations rather than ground-truth ambiguities.

Results. The results of our study show that static analysis tools like PyCG and Jelly [LXM24]
significantly outperform LLMs in call graph generation for Python and JavaScript, respectively.
LLMs, while showing some promise, especially with models like mistral-large-it-2407-123b and
gpt-4o, struggled with completeness and soundness in both Python and JavaScript.

Contrarily, in the case of type inference, LLMs demonstrated a clear advantage over tradi-
tional static analysis tools like HeaderGen and hybrid approaches such as HiTyper. While
OpenAI’s gpt-4o initially performed best in the micro-benchmark, mistral-large-it-2407-123b
surpassed it on the larger autogen-benchmark, suggesting a narrowing gap between open-weight
and proprietary approaches.

Structure. The remainder of this chapter is organized as follows: Section 5.1 reviews the
related work. Section 5.2 defines the research questions, while Section 5.3 and Section 5.4
detail the benchmarks we used to address them, including the auto-generation methodology
for TypeEvalPyAutoGen and the design of the SWARMCG suite. Section 5.5 outlines the
experimental setup, including model selection and prompt engineering. The empirical results
are presented in Section 5.6, followed by a discussion of their implications for the future of LLM-
driven static analysis in Section 5.7. Finally, threats to validity are discussed in Section 5.8 and
Section 5.9 concludes the chapter.

5.1 Related Work

5.1.1 Traditional Static Analysis for Python and JavaScript

Static Analysis Basics: Static analysis tools examine code without execution to identify bugs,
type errors, or security vulnerabilities. In the context of Python and JavaScript, traditional
analyzers primarily consist of linters and type checkers. For Python, tools such as PyLint1

and Flake82 address style inconsistencies and simple bugs, while MyPy3 and Meta’s Pyre
perform static type checking utilizing type hints. Similarly, JavaScript ecosystems rely on linters
(e.g., ESLint4) and optional type systems (such as Flow or the TypeScript compiler) for error
detection.

Beyond industry-standard tools, academic solutions have also emerged. For instance, PyCG
constructs call graphs for Python using a context- and flow-insensitive analysis [SSL+21b],

1https://github.com/pylint-dev/pylint
2https://github.com/PyCQA/flake8
3https://github.com/facebook/pyre-check
4https://github.com/eslint/eslint
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while Type4Py uses deep learning to predict Python types, thereby enhancing static infer-
ence [MLPG22b].

Despite their utility, these tools face significant challenges when applied to dynamic lan-
guages. Python and JavaScript’s dynamic features complicate static reasoning. As a result,
static analyzers often miss issues or report false alarms due to incomplete information. For
instance, static taint analyzers depend on manually provided specifications of library APIs
(sources/sinks), which are often missing or outdated, leading to missed vulnerabilities [LDN25].
They also tend to over-approximate program behaviors, yielding many false positives that devel-
opers must triage [LDN25]. In short, traditional SA tools are powerful but limited by dynamic
features and scalability issues, motivating the exploration of learning-based approaches to aug-
ment or replace them.
Advances in Static Analysis (pre-LLM): Before the recent LLM surge, researchers began
injecting machine learning into static analysis. Early deep neural network models trained on
code graphs or tokens could predict types or detect certain bugs, but they lacked broad lan-
guage understanding. For example, DeepTyper [HBBA18] and Typilus [ABDG20b] learned
to suggest variable types in Python, and HiTyper [PGL+22] combined static inference with
a neural network to improve Python type predictions. These approaches showed that learned
models can complement rule-based analysis, but they are narrow in scope and struggle with
long-range dependencies in code.

5.1.2 LLMs Enter Static Analysis: Early Experiments

The emergence of code LLMs, such as OpenAI Codex, GPT-3, GPT-4 and Code LLaMa,
prompted researchers to ask how well these models can perform classic static analysis tasks
and where they fall short. Initial studies found that LLMs easily handle basic syntax and
code summarization but struggle with deeper program analysis [SFY+23], e.g., pointer
analysis or detailed code behavior reasoning. Another survey noted that even large code models
failed to reliably perform multi-step reasoning needed for vulnerability detection, achieving only
55% accuracy on such tasks without assistance [SRR+25]. In other words, LLMs are not ready
to replace a static analyzer for complex analysis, as they often hallucinate facts or miss subtle
relationships, especially when whole-program context is required.

On the positive side, researchers observed that LLMs have strong general knowledge of pro-
gramming and can interpret code more semantically than traditional tools. Li et al. [LHZQ23b]
argued that LLMs can be integrated into program analysis pipelines (“LLift”) to compensate for
static analysis blind spots (e.g., LLMs might naturally summarize what a code segment does,
helping an analyzer decide if a warning is a true issue). Li et al. [LHZQ23a] took a first step in
this direction by empirically testing ChatGPT as an assistant to static analysis. Overall, early
investigations converged on the view that LLMs are promising but have clear limitations:
they can understand intent and context in code, yet need careful prompting or fine-tuning to
handle precise static analysis tasks. This realization spurred a new wave of techniques combining
traditional static analysis strengths with LLMs’ flexibility. Seidel et al. [SEP+23] (CodeTIDAL)
focused on TypeScript and trained a Transformer to predict missing type annotations, effectively
learning from code context to enhance dataflow analysis.

These efforts show that LLMs can learn type and flow rules in practice, often out-
performing purely static approaches on inferring types, but they may need augmentation (e.g.,
external reasoning steps) for full program understanding. In this study, we investigate whether
LLMs can effectively perform type inference and call-graph construction.
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5.1.3 Micro-Benchmark Suites for Python and JavaScript

Static Call Graph Analysis Benchmarks in Python: Salis et al. [SSL+21b] introduced
one of the first modern micro-benchmark suites for Python call-graph analysis as part of the
PyCG study. This suite contains minimal Python programs covering a wide range of language
constructs, organized into different feature-focused categories (e.g., simple function calls, deco-
rators, generators, etc). The PyCG benchmarks provided a standardized way to compare static
analyzers on Python’s dynamic features (e.g., lambdas, closures, dynamic dispatch via lists/dicts
of functions) in a controlled setting. A strength of this suite is its breadth of coverage across
Python 3’s core features and the inclusion of expected outputs for each test, which improves
reproducibility and fair comparison.

Subsequent work built on PyCG’s benchmark to improve coverage and address its limitations.
Huang et al. [HYC+24] extended the suite with more snippets in their Jarvis call-graph analysis
(adding 23 new tests on top of PyCG’s original 112). These additions include flow-sensitive
scenarios, alongside other cases written by experienced Python developers to cover features that
PyCG’s suite lacked. As part of our HeaderGen [SVWLB23c] tool, we similarly created a micro-
benchmark by adopting PyCG’s full suite and augmenting it with new snippets focused on call
sites. Both Jarvis’s and HeaderGen’s benchmarks remain centered on Python, inheriting the
original PyCG test design and ground truths.
JavaScript Call Graph Analysis Benchmarks: The SunSpider benchmark (WebKit 2010),
a collection of JS programs originally meant for performance testing, has been used to compare
call-graph tools, although it does not provide formally verified ground-truth call-graphs. Re-
searchers had to manually inspect whether the edges produced by a tool match the actual calls
in the source, a tedious process that focuses on the precision of found edges and neglects recall
(missing edges). Antal et al. [AHH+23] followed this approach in a comparative study, manually
validating tool outputs on SunSpider. Such ad hoc methods are labor-intensive and error-prone,
and they struggle to exercise modern JavaScript features beyond the aging SunSpider suite.
Notably, a static analyzer (TAJS) showed high precision on classic benchmarks but failed to
handle many ES6+ features, leading to underperformance on contemporary code. Recently, a
hybrid JavaScript call-graph analysis tool, Jelly [LXM24], addressed this problem with a tool
that combines static and dynamic analysis to improve accuracy and support modern JavaScript
features.

The lack of structured and standardized call graph benchmarks across diverse programming
languages poses several challenges in evaluating and comparing call-graph construction tools.
This gap makes cross-language comparisons difficult and unreliable, hindering consistent assess-
ments of different analysis techniques. This study enables evaluation of call-graph construction
tools across multiple programming languages with SWARMCG.
Python Type Inference Benchmarks: Previous evaluations of type inference relied on either
large-scale corpora of real-world code with optional type hints (e.g., the ManyTypes4Py dataset
and Type4Py) or on each tool’s own set of examples and test cases, making it difficult to compare
results across studies. Recognizing this gap, we built TypeEvalPy, a micro-benchmarking frame-
work for Python type inference tools as discussed in the previous chapter. While TypeEvalPy
greatly improved standardization in evaluating Python type inference, it has some limitations
in scope. The 154 snippets were designed to be representative but cannot cover all possible
scenarios and combinations of data types. To address this, we augment TypeEvalPy with an
auto-generation extension that massively scaled up the benchmark’s coverage to ≈ 77k type
annotations that increase the diversity of types and scenarios. Similar ideas of automatically
generating benchmarks have also been explored in other domains, such as Android taint anal-
ysis with DroidGenBench [SP22], which uses synthesized apps to reduce manual benchmark
construction effort.
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5.2 Research Questions

This study is guided by two primary research questions aimed at evaluating the effectiveness
and performance of call-graph generation and type inference tools:

RQ1: How accurate are LLMs in constructing call graphs compared to traditional static analysis
tools, and does this performance generalize across languages?

RQ2: Can LLMs outperform traditional tools in Type Inference for Python, and how does their
performance scale when tested against diverse cases?

Answering these research questions requires an evaluation strategy that balances precision
with scale. Standard large-scale real-world benchmarks are often too large and noisy for isolating
specific reasoning failures, while existing micro-benchmarks lack the scale required to statistically
validate probabilistic models.

Consequently, we established a composite evaluation framework designed to stress-test LLMs
beyond the limits of current datasets. This framework integrates proven baselines with our two
novel contributions: an auto-scaled type inference benchmark and a new multi-language call-
graph suite. We describe the design and construction of these benchmarks in the following
sections.

5.3 Call-Graph Micro-Benchmarks

The lack of structured and standardized call graph benchmarks across diverse programming lan-
guages poses several challenges in evaluating and comparing call-graph construction tools. This
gap makes cross-language comparisons difficult and unreliable, hindering consistent assessments
of different analysis techniques.

To address this issue, we developed the Swiss Army Knife of Call Graph Benchmarks
(SWARMCG), a benchmarking suite designed to provide a standardized platform for evalu-
ating call-graph construction tools across multiple programming languages. The primary goal
of SWARMCG is to create a unified environment that facilitates consistent comparisons and
promotes further research in the field of call-graph analysis, especially in the current landscape,
where ML models are being explored as alternatives to traditional static analysis. ML models
often lack the transparency and verifiability that static analysis provides. As researchers in-
vestigate these models in call-graph construction, having a standardized framework is essential
for accurately comparing their effectiveness with established methods. SWARMCG fulfils this
need by offering a well-organized, comprehensive set of call graph benchmarks with ground truth
annotations for each code snippet, enabling reliable and consistent evaluations.

Furthermore, each tool that SWARMCG supports is dockerized to make the evaluation
process straightforward. As a proof of concept, we have added support for the following tools:
(1) PyCG, (2) HeaderGen, (3) Transformers,5 (4) Ollama,6 (5) TAJS, and (6) Jelly.

SWARMCG supports multiple programming languages, starting with Python and JavaScript,
with ongoing efforts to integrate Java and plans to extend to additional languages. The suite is
designed to be community-driven, encouraging contributions from both static analysis experts
and enthusiasts, making it a dynamic and evolving resource for the research community.

Within this framework, we have integrated and expanded benchmarks for two primary lan-
guages: Python and JavaScript.

5https://huggingface.co/docs/transformers/en/index
6https://ollama.com/
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5.3 Call-Graph Micro-Benchmarks

Python Baselines (PyCG & HeaderGen). For Python, we utilize two established micro-
benchmarks that evaluate different aspects of structural analysis:

• PyCG [SSL+21b]: We use this benchmark to evaluate the accuracy of the overall call
graph. It serves as the standard for validating the correctness of the graph topology
(nodes and edges) across various language features.

• HeaderGen [SVWLB23c]: This benchmark extends the evaluation to call sites with
specific program locations. HeaderGen’s benchmark requires the tool to resolve the exact
definition location of a function invoked at a specific line and column.

JavaScript Expansion (SWARMJS). To evaluate cross-language generalization, we intro-
duce SWARMJS. As no modern ground truth existed for JavaScript call graphs, we developed
this suite to mirror the rigor of PyCG. It isolates specific ES6+ features, such as arrow functions
and prototypes, to determine if LLM reasoning is consistent across languages.

5.3.1 PyCG: Call-graph Micro-Benchmark

The PyCG micro-benchmark suite offers a standardized set of test cases for researchers to
evaluate and compare call-graph generation techniques. It includes 112 unique and minimal
micro-benchmarks, each designed to cover different features of the Python language. These
benchmarks are grouped into 16 categories, ranging from simple function calls to more complex
constructs like inheritance schemes.

Each category comprises multiple tests, with each test providing: (1) the source code, (2)
call graph in JSON format, and (3) a brief description of the test case. The tests are structured
to be easy to categorize and expand, with each focusing on a single execution path, without
the use of conditionals or loops. This design ensures that the generated call graph accurately
reflects the execution of the source code.

To ensure completeness and quality, the authors had two professional Python developers
review the suite, providing feedback on feature coverage and overall quality. Based on their
recommendations, the authors refactored and further enhanced the suite.

In this study, we additionally include 14 new test cases to the PyCG benchmark based
on the benchmark used in Jarvis [HYC+24]. These additions include 4 in args category, 4 in
assignments, 5 in direct_calls, and 1 in imports.

5.3.2 HeaderGen: Call-sites Micro-Benchmark

Derived from the PyCG suite, the HeaderGen benchmark introduces a layer of granular
metadata. It annotates function calls with specific source coordinates (line and column numbers)
to enable the evaluation of precise call-site resolution. Additionally, the suite is expanded with
eight specialized test cases targeting flow-sensitive analysis.

5.3.3 SWARM-JS: JavaScript Micro-benchmark

Despite the increasing importance of JavaScript analysis, the availability of well-defined bench-
marks tailored for JavaScript call-graph construction remains limited. Existing benchmarks,
such as SunSpider [Web10], part of the WebKit browser engine, are primarily designed to test
the performance aspects of JavaScript engines rather than facilitating program analysis. Sun-
Spider includes single-file JavaScript examples that represent real-world scenarios, but it does
not provide explicit ground truth for call graphs.
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In a recent study by [AHH+23], the authors assessed static call-graph techniques using the
SunSpider benchmark by manually comparing the call graphs generated by the tools with the
source code. Precision was measured by verifying whether specific edges in the graph were
accurately identified. However, this manual approach limits the scope of the evaluation and
limits the extensibility of the respective research. Furthermore, the lack of attention to recall in
this manual evaluation process results in an incomplete understanding of the tools’ performance.

To address these limitations, we developed a new JavaScript micro-benchmark, SWARM-
JS, tailored specifically for call-graph construction. Inspired by call-graph micro benchmarks in
Python, such as PyCG and Jarvis, our benchmark aims to provide a systematic and compre-
hensive set of test cases that reflect the diverse language-specific constructs of JavaScript.

To construct the benchmark, we followed a methodology similar to that used by the authors
of the PyCG [SSL+21b] call-graph benchmark for Python. Their process consists of three main
steps: (1) identifying a diverse set of language features relevant to call-graph construction, (2)
designing minimal test scripts inspired by real-world uses of these features, and (3) conducting
expert review to validate correctness and representativeness.

Applying this methodology to JavaScript, we began by surveying the ECMAScript specifi-
cation [ECM15] and the existing SunSpider [Web10] JavaScript benchmark to identify essential
language features and edge cases. A comparative analysis with Python call-graph benchmarks,
such as PyCG and Jarvis, helped determine which test scenarios could be adapted to JavaScript.
Test cases were constructed by re-implementing the intent of PyCG’s benchmark scenarios in
JavaScript while maintaining feature isolation. For instance, Python’s lambda expressions were
mapped to JavaScript’s arrow functions, given their similar semantics. In contrast, JavaScript-
specific constructs such as prototypes, dynamic property access, and mixins were created addi-
tionally.

Validity of SWARM-JS. To ensure correctness and reliability, all test cases and their
ground truths were manually reviewed and refined through multiple iterations. A JavaScript
expert independently validated a randomly selected subset of 25 test cases to verify the accuracy
and correctness of the ground truth. Based on the expert’s feedback, we revised the benchmark
to correct ground truth annotations. This iterative review process improved the overall validity
of the benchmark.

The resulting benchmark, SWARM-JS, comprises 126 JavaScript code snippets, organized
into 18 feature categories. Table 5.1 presents the complete list of categories along with the
number of test cases and their descriptions. Each snippet in the benchmark is accompanied by
a corresponding ground truth file, which provides the expected call graph. The ground truth
schema follows the PyCG benchmark, allowing for a consistent framework for evaluating call-
graph accuracy across different languages. The code snippets and ground truth information
were manually inspected and iteratively refined to ensure correctness.

An example code snippet is shown in Listing 5.1 and its corresponding ground truth is given
in Listing 5.2.

5.4 Type Inference Micro-benchmarks

To evaluate type inference, we utilize the state-of-the-art TypeEvalPy framework, addressing
the scalability of manual benchmarks through a novel auto-generation engine.
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Table 5.1: Distribution of 126 JavaScript code snippets into 18 feature categories in SWARM-JS
micro-benchmark

Category # Cases Description

Args 10 Positional and default argument passing.
Assignments 8 Variable assignments and reassignments.
Builtins 3 Built-in functions and objects.
Classes 21 Class definitions, methods, and inheritance.
Decorators 7 Use of function and class decorators.
Objects 12 Object creation, property access, and manipulation.
Direct Calls 9 Focuses on direct function and method calls.
Dynamic 1 Dynamic code injection and method access.
Exceptions 3 Exception handling.
Functions 4 Function declarations and expressions.
Generators 6 Generator functions and yield behavior.
Imports 15 Module imports and exports.
Kwargs 3 Keyword arguments and related constructs.
Arrow Functions 5 Arrow function syntax and behavior.
Arrays 8 Array manipulation and iteration.
Inheritance 4 Prototype-based and class-based inheritance.
Mixins 3 Mixin patterns for object composition.
Returns 4 Functions that return other functions.

5.4.1 Manual Baseline (TypeEvalPy)

The core TypeEvalPy benchmark [SVSW+23], introduced in Chapter 4, consists of 154 man-
ually curated code snippets with 860 type annotations. These target specific capabilities, such
as dynamic attributes and external library calls.

5.4.2 TypeEvalPyAutoGen Extension

The micro-benchmark within the TypeEvalPy framework is constrained by its limited repre-
sentation of Python base types, covering only 860 types derived from 154 code snippets. This
scarcity has significant implications for evaluating LLMs. Since the original benchmark exhibits
a high prevalence of specific types, such as str, LLMs may achieve high exact-match scores due
to statistical overrepresentation rather than a genuine understanding of type semantics. This
narrow focus undermines the robustness of the evaluation, as models are not sufficiently tested
against the wide variety of base types available in Python.

To address this limitation, we extended TypeEvalPy by integrating an auto-generation
capability designed to broaden type diversity. This enhancement is realized through a systematic,
template-based generation process. We first converted existing code snippets into templates
containing placeholders, such as <value1>, which are dynamically replaced by different types
during generation. Configuration files were created to map these placeholders to potential type
values. For example, Listing 5.3 shows a template with placeholders, while Listing 5.4 shows the
corresponding generated code. The ground truth and values are derived from the configuration
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1 function paramFunc() {}
2
3 function func(a) {
4 a();
5 }
6
7 func(paramFunc);

Listing 5.1: Code snippet of main.js

1 {
2 "main.func": [
3 "main.paramFunc"
4 ],
5 "main.paramFunc": [],
6 "main": [
7 "main.func"
8 ]
9 }

Listing 5.2: Ground truth for main.js

rules in Listing 5.5. Specifically, line 2 in Listing 5.3 corresponds to the type mappings defined
in lines 15 and 31 of Listing 5.5.

The auto-generation process systematically computes all permutations of types for the place-
holders. For example, with four configured types and two placeholders, the generator produces
12 unique programs, i.e., P (n, r) = n!/(n− r)! where n is the total number of configured types,
and r is the number of placeholders in a given template. Each generated program features a
unique arrangement of types, such as (str, float) versus (str, int), enhancing the bench-
mark’s diversity. It is important to note that the concrete values for these variables are generated
randomly according to their assigned data types. An example of a generated test case and its
associated ground truth is provided in Listing 5.4 and Listing 5.6, respectively.

Special cases, such as lists and dictionaries, require additional handling to ensure that every
element within these data structures is correctly annotated. Similarly, imported code segments
demand careful modeling to avoid inconsistencies in the generated programs. The generator was
engineered to recursively annotate elements within data structures and correctly model external
dependencies, ensuring edge cases were addressed.

Following generation, each program undergoes an execution check to verify correctness. Pro-
grams that execute without errors are retained, while those failing due to runtime type incom-
patibilities, such as attempting to add a string to a float, are automatically discarded. This
filtering step ensures that only valid, runnable test cases are included in the final benchmark.

The development of the benchmark involved a rigorous quality assurance process. The initial
templates were designed by the first author, while the second author verified the generated pro-
grams, iteratively correcting errors to ensure the accuracy of the type annotations. Furthermore,
all programs are designed to have a single execution path, thereby eliminating ambiguity in the
ground truth. Since its initial release, open-source contributions have further enhanced the ro-
bustness of the benchmark, expanding the template library and refining edge-case handling to
ensure the dataset remains a reliable standard for the community.

This auto-generation capability expands the TypeEvalPy benchmark to 7,121 Python files
containing 77,268 type annotations. This substantial increase in both the quantity and variety
of types provides a more comprehensive framework for evaluating the generalizability of LLMs
in type inference tasks.

5.5 Methodology

We next describe the experimental setup, the model selection criteria, the prompt design, and
the metrics used to investigate these RQs.
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1 def func1():
2 return <value1>
3
4
5 def func2():
6 return <value2>
7
8 a = func1()
9 b = func2()

Listing 5.3: Template for main.py

1 def func1():
2 return 34
3
4
5 def func2():
6 return 53.24
7
8 a = func1()
9 b = func2()

Listing 5.4: Generated main.py

5.5.1 Type Inference Tools

For this study, we select a focused subset of the tools evaluated in the previous chapter (Sec-
tion 4.3) to serve as robust baselines against LLMs. Rather than re-evaluating the entire
spectrum of tools, we choose the best-performing representatives from the static and hybrid
paradigms:

1. HeaderGen: Selected as the static analysis baseline because it demonstrated the highest
overall accuracy and balanced performance.

2. HiTyper: Selected as the representative for machine learning and hybrid approaches.
Note that HiTyper integrates Type4Py as its internal model.

5.5.2 Call-graph Construction Tools

To evaluate analysis capabilities across languages, we select four representative tools. For
Python, we employ PyCG and HeaderGen to assess call-graph analysis and call-site analy-
sis, respectively. For JavaScript, we select TAJS as a traditional static baseline and Jelly as a
state-of-the-art hybrid approach that combines static and dynamic analysis.

Python Baselines

We utilize the same Python analysis tools described in Chapter 4, distinguishing them by the
granularity of their analysis and output:

1. PyCG (Call-Graph Analysis): PyCG [SSL+21b] serves as our baseline for call-graph
analysis. As detailed in Section 3.2.1, it computes inter-procedural relations abstracted as
an assignment graph and models complex Python features.

2. HeaderGen (Call-Site Analysis): HeaderGen [SVWLB23b] is employed to evaluate
call-site analysis. As previously discussed in Section 3.2, it extends PyCG’s analysis with
the ability to pinpoint the specific program location (line number and column offset) of
every function call.

JavaScript Baselines

To extend our evaluation to JavaScript, we selected two tools representing distinct generations
of static analysis capability:
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1 {
2 "replacement_mode": "Complex",
3 "type_replacements": [
4 "int",
5 "float",
6 "str",
7 "bool"
8 ],
9 "ground_truth": [

10 {
11 "file": "main.py",
12 "line_number": 1,
13 "col_offset": 5,
14 "function": "func1",
15 "type": [
16 "<value1>"
17 ]},
18 {
19 "file": "main.py",
20 "line_number": 5,
21 "col_offset": 5,
22 "function": "func2",
23 "type": [
24 "<value2>"
25 ]},
26 {
27 "file": "main.py",
28 "line_number": 8,
29 "col_offset": 1,
30 "variable": "a",
31 "type": [
32 "<value1>"
33 ]},
34 {
35 "file": "main.py",
36 "line_number": 9,
37 "col_offset": 1,
38 "variable": "a",
39 "type": [
40 "<value2>"
41 ]}]
42 }

Listing 5.5: Autogen configuration
for main.py

1 [{
2 "file": "main.py",
3 "line_number": 1,
4 "col_offset": 5,
5 "function": "func1",
6 "type": [
7 "int"
8 ]
9 },

10 {
11 "file": "main.py",
12 "line_number": 5,
13 "col_offset": 5,
14 "function": "func2",
15 "type": [
16 "float"
17 ]
18 },
19 {
20 "file": "main.py",
21 "line_number": 8,
22 "col_offset": 1,
23 "variable": "a",
24 "type": [
25 "int"
26 ]
27 },
28 {
29 "file": "main.py",
30 "line_number": 9,
31 "col_offset": 1,
32 "variable": "a",
33 "type": [
34 "float"
35 ]
36 }]

Listing 5.6: Generated ground truth for
main.py
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1. TAJS - Type Analyzer for JavaScript: TAJS [JMT09] is a static analysis tool designed
for JavaScript that performs type inference and constructs call-graphs. It fully supports
ECMAScript 3rd edition and provides partial support for ECMAScript 5, including its
standard library, HTML DOM, and browser APIs. However, TAJS does not support
features introduced in ECMAScript 6 [ECM15], such as classes, arrow functions, and
modules, which limits its effectiveness in analyzing modern JavaScript applications.

2. Jelly: Jelly [LXM24] is a hybrid JavaScript call-graph analysis tool that combines static
and dynamic analysis to improve accuracy. Jelly’s analysis consists of two main steps.
First, a dynamic pre-analysis is conducted to gather runtime hints regarding variable
values and object structures. The second step uses these hints in a static analysis phase,
refining the constructed call-graph and improving soundness. This method allows Jelly to
outperform traditional tools, particularly in handling modern ECMAScript. Evaluations
show that Jelly outperforms tools like TAJS[JMT09] and ACG[FSS+13], making it more
accurate for real-world JavaScript analysis.

5.5.3 Large Language Model Selection

We selected LLMs for evaluation by focusing on organizations that are actively conducting
research and publishing state-of-the-art models on the Hugging Face platform.7 We shortlisted
five prominent organizations from Hugging Face that are building foundational models: Alibaba,
Google, Meta, Microsoft, and Mistral. Apart from the models with open weights, we chose
OpenAI as the proprietary service provider to compare against open models.

We selected a total of 24 LLMs across all organizations. From the organizations we short-
listed, we included all the instruction-tuned models, which are fine-tuned for following user
instructions, across all available parameter sizes. This included multiple variations of the mod-
els, such as 7B, 13B, and larger configurations, allowing for a comprehensive evaluation across
different scales. In addition to general-purpose models, we also included specialized code models,
which are optimized for code understanding and related tasks, as these models are expected to
perform better on code-specific benchmarks.

Two closed-source models from OpenAI, gpt-4o and gpt-4o-mini, were included due to their
superior performance in general-purpose tasks, providing a benchmark for comparison against
open-source models. We limited the number of proprietary models we test to optimize costs and
chose OpenAI’s GPT models due to their popularity.

The list of models evaluated in this study is listed in the Table 5.2.

5.5.4 Prompt Design

To optimize prompt design, we adopted an iterative and experimental approach [CZLZ23,
SIB+24]. Initial efforts focused on enhancing the prompt by including detailed task descriptions
and specifying the expected response format. Notably, we used a one-shot prompting technique,
embedding an example question and answer within the prompt. The one-shot prompt example
was designed using the simplest program that encapsulates key aspects of the expected output
for the given task. For instance, in the type inference task, the example included variables of
different types to ensure variety. The decision to use a simple example was primarily to ensure
that the model’s responses adhered to the desired format, enabling reliable parsing of the results.
Additionally, using a complex example in a one-shot setting does not always improve perfor-
mance. Prior research by Chen et al. [CZLZ23] indicates that for sufficiently complex models,

7https://huggingface.co/
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Table 5.2: Selected Models and Parameter Sizes

Organization Model Name Parameter Size
(billion)

Alibaba Qwen/Qwen2-7B-Instruct 7B
Qwen/Qwen2-72B-Instruct 72B

Google
google/gemma-2-2b-it 2B
google/gemma-2-9b-it 9B
google/gemma-2-27b-it 27B

GPT gpt-4o Not Public
gpt-4o-mini Not Public

Meta

meta-llama/CodeLlama-7b-Instruct-hf 7B
meta-llama/CodeLlama-13b-Instruct-hf 13B
meta-llama/CodeLlama-34b-Instruct-hf 34B
meta-llama/Meta-Llama-3.1-8B-Instruct 8B
meta-llama/Meta-Llama-3.1-70B-Instruct 70B
TinyLlama/TinyLlama-1.1B-Chat-v1.0 1.1B

Microsoft

microsoft/Phi-3-small-128k-instruct 7.3B
microsoft/Phi-3-medium-128k-instruct 14B
microsoft/Phi-3.5-mini-instruct 3.8B
microsoft/Phi-3.5-MoE-instruct 41.9B
microsoft/Phi-3-mini-128k-instruct 3.8B

Mistral

mistralai/Mixtral-8x22B-Instruct-v0.1 141B
mistralai/Mixtral-8x7B-Instruct-v0.1 46.7B
mistralai/Mistral-7B-Instruct-v0.3 7B
mistralai/Mistral-Nemo-Instruct-2407 12.2B
mistralai/Mistral-Large-Instruct-2407 123B
mistralai/Codestral-22B-v0.1 22B
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like those used in this study, a well-structured zero-shot prompt can be as effective as, or even
preferable to, a complex few-shot prompt.

Despite these refinements, we encountered challenges with the LLM’s ability to produce
structured outputs. Our experiments revealed that even with explicit instructions to generate
outputs in JSON format, models struggled to deliver results that could be reliably parsed. To
address this, we explored a question-answer based method, querying the model with explicit
questions and then converting its natural-language responses back into a structured JSON for-
mat.

To further improve reliability, we analyzed the initial output to refine the prompt, particu-
larly for cases where models failed to generate accurate results in response to a simple prompt.
For instance, we noted that the aliases of program variables were not being considered in the final
output. Therefore, we introduced generic instructions to ensure alias tracking in the program.
Note that the same prompt is used to evaluate all models, including code models.

In the following sections, we discuss the prompts for type inference and call graph tasks in
detail.

Type-Inference Prompts

The prompt design employed in this study follows a structured two-part approach. The first
section, as shown in Listing B.2, provides a detailed task description to ensure clarity regarding
the expected analysis. This is followed by a one-shot example (an input-output pair) and explicit
instructions on the output format. Finally, the target code is appended to the prompt; for test
cases involving imports, all relevant file contents and relative paths are included to preserve the
project structure. Finally, the target code is added to the prompt. Note that for test cases with
file imports, all the relevant file contents are added to the prompt with relative file names to
indicate the file structure of the test case.

Despite this careful structuring, initial attempts to generate valid JSON outputs proved
difficult. Models frequently failed to adhere to the complex TypeEvalPy output schema,
resulting in JSON with missing or unexpected keys. To address these schema-compliance issues,
we reduced the task complexity by shifting to a question-answer format. Rather than generating
a complex JSON object directly, the model is asked to answer a series of specific questions. As
shown in Listing B.3, each question targets a specific variable or function, identified by its name
and declaration location, and includes a numbered placeholder for the model’s response.

For the purpose of this study, the questions were generated using the benchmark’s ground-
truth data. We iterated over the variables and functions listed in the ground truth to formulate
precise questions regarding their types. To clarify, consider the full prompt in Listing B.4. In
this case, we know from the ground-truth that five program identifiers require type inference.
The five questions in the prompt are generated by iterating over the ground-truth data and
extracting the identifier names, along with their corresponding line and column numbers. While
we utilized ground truth to simplify implementation, in a practical application, this context
could be derived by parsing the program’s Abstract Syntax Tree (AST).

Finally, the model’s responses were parsed using regular expressions to map the answers
back to their corresponding questions. This reconstruction step allowed us to generate valid
JSON outputs that strictly adhered to the TypeEvalPy schema for evaluation. A complete
example of this workflow, including source code, raw model response, ground truth, and the
parsed JSON, is provided in Section B.2.1.
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Call-Graph Prompts

The prompt design for call-graph analysis mirrors the structure used for type inference. Each
prompt begins with a detailed task description outlining the specific analysis requirements (List-
ing B.5), followed by a language-specific input-output example (Listing B.6). Explicit formatting
instructions are included to ensure consistency in the model’s responses.

Questions within the prompt are generated using a similar strategy to the one described
in the previous section. Typically, the first question targets module-level function calls, while
subsequent questions address calls made within specific function definitions (see Listing B.6).
While these questions were formulated using ground-truth data to simplify the experimental
implementation, in a practical deployment, they could be automatically generated by traversing
the program’s AST to identify function definitions and call nodes.

For call-site analysis, the prompts were further refined to request precise call-site locations.
Listings B.7 and B.8 detail the specific prompt adjustments used to extract call-site information.

Note on Context Length. The maximum prompt size encountered across both the call-
graph and type inference benchmarks was 1,287 tokens, as measured by the gpt-4o tokenizer.
This size is comfortably within the context window of all evaluated LLMs. The smallest model,
TinyLlama-1.1b, supports a context of 2,048 tokens, while the largest, gpt-4o, supports up to
128,000 tokens. For perspective, even the cumulative size of all prompts in the TypeEvalPy
micro-benchmark (69,563 tokens) fits well within the maximum context length of most models,
ensuring that no input truncation occurred during evaluation.

5.5.5 Evaluation Metrics

To assess the performance of the evaluated models, we employ three primary metrics: complete-
ness, soundness, and exact matches. While completeness and soundness are primarily used for
call-graph construction, exact matches are applied to both call-graph and type inference tasks.
Additionally, we report inference time for open-source models to provide a measure of efficiency.

Completeness and Soundness. In this study, we adopt the definitions established in prior
call-graph research [SSL+21b, SVSC+24]. The terms completeness and soundness are closely
related to the precision and recall metrics.

Precision is directly tied to completeness, as it measures the proportion of correctly identified
call edges relative to all edges produced by the model. A complete call graph will have perfect
precision, as it contains no false positives. This terminology can be a bit confusing at first
because it implies that a call graph that is “incomplete” in the above sense is not one that
misses call edges but one that has spurious edges. The reader shall keep that in mind.

Recall is closely related to soundness, as it measures the proportion of true call edges that
are correctly identified. A sound call graph will demonstrate perfect recall by including all true
call edges, without omitting any.

Here, completeness and soundness are measured at the individual test case level within the
benchmark. A test case is considered complete if there are no false positives in the generated call
graph for that specific case. Similarly, it is considered sound if there are no false negatives. This
means that if even a single false positive or false negative is detected in the responses generated
for a test case, it is marked as a failure in terms of completeness or soundness, respectively.

However, precision and recall have specific implications when evaluated at the level of in-
dividual test cases, particularly in a micro-benchmark setting. Rather than measuring how
precise or recall-efficient a system is overall, it is more insightful to determine whether a test
case is fully complete or sound with respect to the specific feature being tested. This binary
evaluation, either complete or sound, provides clearer insights into whether specific features are
fully captured, without the ambiguity that partial correctness metrics like precision or recall
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might introduce. This evaluation approach mirrors the methodologies used in previous studies,
specifically in PyCG [SSL+21b] and HeaderGen [SVWLB23c].

Exact matches. The exact-matches metric for the call graph measures the number of
function calls that exactly match the ground truth. To compute this, we compare the expected
calls for each node in the ground truth with those produced by the model. For nodes with empty
lists, an exact match is counted if the model also produces an empty list. For nodes where both
lists are non-empty, we count exact matches when every element in the generated list appears
in the ground truth.

For type inference, we follow standard literature conventions [ABDG20b, MLPG22b,
PGL+22, SVSW+23, SVSM+24], defining an exact match as a prediction that is textually iden-
tical to the ground-truth type annotation.

Time Efficiency. We report the total inference time for processing the full benchmark suite.
To ensure a fair comparison, all open-source models were executed on identical hardware using
standardized parameters: 4-bit quantization and a fixed batch size of 12. Although smaller
models could theoretically support larger batch sizes, we maintained uniform conditions to
prevent hardware-utilization differences from skewing the assessment.

Proprietary models accessed via OpenAI’s API are excluded from the runtime comparison.
As their execution occurs on remote infrastructure with unknown hardware configurations and
variable network latency, a direct efficiency comparison with local models is not feasible.

5.5.6 Implementation Details

We implemented our experimental pipeline using the Hugging Face Transformers library [WDS+20],
which provided a unified interface for managing inference across the diverse set of evaluated
LLMs. To ensure reproducibility, all models were configured to use greedy search decoding,
selecting the most probable next token to guarantee deterministic outputs.

Integration with our benchmarking frameworks was achieved through custom extensions.
For type inference, we extended the TypeEvalPy framework to support the auto-generated
test cases and LLM interaction. For call-graph construction, we developed a specialized adaptor
within the SWARMCG framework to facilitate model execution and result parsing.

All experiments were conducted on a high-performance computing node equipped with a
single NVIDIA H100 GPU (80GB VRAM), 16 Intel(R) Xeon(R) Platinum 8462Y+ processors,
and 78 GB of system memory.

Note on Quantization. To maximize resource efficiency, we employed 4-bit quantization
for all models. This strategy significantly reduced memory footprint and computational over-
head, enabling the deployment of large-scale models (up to 123B parameters) on a single GPU.
We standardized this configuration across all open-source models (Batch Size: 12) to ensure a
controlled comparison. Prior research confirms that post-training quantization has a minimal
impact on the accuracy of large models, making it an effective trade-off for extensive empirical
studies [JDH+24a, LGH24, JDH+24b, DPHZ23].

5.6 Results
We now present the empirical findings from our evaluation, addressing the research questions
through a detailed analysis of model performance.

5.6.1 RQ1: Accuracy of Call-graph Analysis

The results of our experiments for call-graph analysis for Python and JavaScript are presented
in Tables 5.3 and 5.4, respectively. The Python results are based on the PyCG micro-benchmark
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suite, while the JavaScript results use the SWARMJS micro-benchmark.
Table 5.6 presents the results for call-site analysis based on the HeaderGen micro-benchmark.

In the following sections, we discuss each of these results in detail.

Call-graph Analysis

Python Programs The evaluation on Python programs (Table 5.3) reveals the distinct supe-
riority of the static analysis tool PyCG over the evaluated LLMs across all key metrics. PyCG
achieved 84.9% completeness and 87.3% soundness across 126 test cases, demonstrating a robust
ability to avoid false positives (completeness) while missing very few valid function calls (sound-
ness). It also secured 569 exact matches out of 599, significantly outperforming the closest LLM,
mistral-large-it-2407-123b, by 51 matches.

Among the LLMs, mistral-large-it-2407-123b delivered the strongest performance, though it
remained moderate with 60.3% completeness and 62.6% soundness. Its relatively high exact
match score of 86.4% indicates competence in identifying many call relations, but frequent
failures in soundness and completeness highlight gaps in handling specific Python language
features.

gpt-4o ranked third, trailing mistral-large, which suggests that top-tier open-source models
are becoming competitive with closed-source alternatives in this domain. However, the majority
of other open-source models performed poorly. Notably, gemma2-it-9b exhibited an extreme
imbalance: despite a high completeness score of 95%, its soundness was a negligible 3%, resulting
in a very low exact match rate of 10.5%. This indicates a tendency to miss nearly all valid calls
while rarely hallucinating incorrect ones.

Efficiency also varied drastically. PyCG completed the analysis in 0.41 seconds, whereas
LLMs required orders of magnitude more time (e.g., 534 seconds for mistral-large). Some smaller
models, like gemma2-it-9b, exhibited unexpectedly high runtimes (1587 seconds), further em-
phasizing the trade-off between model architecture and inference efficiency.

To clarify how the results are parsed and evaluated, diagnostic examples detailing the source
code, ground truth, raw LLM response, and parsed call-graph JSON are provided in Appendices
B.2.2 and B.2.3.

JavaScript Programs Table 5.4 summarizes the results for the JavaScript SWARMJS bench-
mark. The hybrid analysis tool that combines static and dynamic analysis, Jelly, demonstrated
robust performance, achieving 38.8% completeness, 67.4% soundness, and 82.2% exact matches
when using its approximate interpretation feature [LXM24]. This configuration incorporates
dynamic execution hints into the static analysis process, improving the tool’s ability to resolve
function calls accurately.

Conversely, the traditional static analyzer TAJS performed poorly. Despite a seemingly high
completeness score (indicating few false positives), further inspection revealed that this was due
to widespread failures: 102 out of 126 SWARM-JS test cases resulted in analysis errors and
produced empty outputs. This failure stems from its lack of support for ECMAScript 6 features
(e.g., classes, arrow functions), which are prevalent in the SWARMJS benchmark.

Among LLMs, mistral-large-it-2407-123b led with 40.4% completeness and 42.8% soundness
(76.8% exact matches). gpt-4o followed closely, achieving higher soundness (50.7%) but lower
completeness (34.9%). As observed in the Python results, the gemma2 family (9b and 2b)
exhibited extremely high completeness but negligible soundness, resulting in largely empty call
graphs. Furthermore, gemma2 models had a very high runtime of 1593.44 seconds, making it
both inefficient and ineffective.
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Table 5.3: Comparative analysis across LLMs for call-graph analysis on the PyCG Python
micro-benchmark

80-100%, 60-80%, 40-60%, 20-40%, 0-20%

Model
Complete Sound Exact Matches

Time (s)
126 cases 599 cases

PyCG 107 110 569 0.41
mistral-large-it-2407-123b 76 79 518 534.01
gpt-4o 63 75 486 n/a
qwen2-it-72b 35 67 427 286.17
llama3.1-it-70b 37 63 424 277.69
gpt-4o-mini 47 47 397 n/a
mistral-nemo-it-2407-12.2b 50 44 358 59.35
gemma2-it-27b 29 43 344 180.94
llama3.1-it-8b 2 40 179 185.52
mixtral-v0.1-it-8x22b 2 65 173 1106.46
phi3.5-moe-it-41.9b 9 25 166 3335.89
phi3-small-it-7.3b 3 10 150 73.92
phi3-medium-it-14b 3 29 142 140.55
codellama-it-34b 64 23 130 545.96
qwen2-it-7b 2 42 128 52.74
mistral-v0.3-it-7b 4 25 122 74.74
codestral-v0.1-22b 34 24 120 582.78
tinyllama-1.1b 35 5 91 507.21
gemma2-it-9b 120 4 63 1587.85
mixtral-v0.1-it-8x7b 9 19 52 1221.64
codellama-it-13b 20 17 43 619.04
codellama-it-7b 7 4 31 281.14
phi3-mini-it-3.8b 1 7 24 85.48
gemma2-it-2b 117 1 10 731.7
phi3.5-mini-it-3.8b 2 6 9 81.3
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Table 5.4: Comparative analysis across LLMs for call-graph analysis on the SWARMJS
JavaScript micro-benchmark

80-100%, 60-80%, 40-60%, 20-40%, 0-20%

Model
Complete Sound Exact Matches

Time (s)
126 cases 596 cases

Jelly 49 85 490 643.51
mistral-large-it-2407-123b 51 54 458 537.86
gpt-4o 44 64 451 n/a
qwen2-it-72b 24 51 406 367.87
llama3.1-it-70b 28 34 357 251.91
gpt-4o-mini 32 30 347 n/a
mistral-nemo-it-2407-12.2b 44 23 311 56.5
gemma2-it-27b 14 14 280 188.88
llama3.1-it-8b 4 36 212 85.28
codestral-v0.1-22b 35 19 145 496.08
phi3.5-moe-it-41.9b 3 12 145 3344.09
phi3-small-it-7.3b 2 2 141 83.26
mistral-v0.3-it-7b 6 19 132 1297.24
phi3-medium-it-14b 2 17 130 145.18
codellama-it-34b 74 14 103 540.06
mixtral-v0.1-it-8x22b 2 33 94 90.21
qwen2-it-7b 2 26 87 43.3
TAJS 119 14 83 135.65
gemma2-it-9b 118 2 54 1593.44
phi3-mini-it-3.8b 2 2 40 77.61
tinyllama-1.1b 14 1 37 499.58
codellama-it-7b 14 0 30 272.88
codellama-it-13b 3 9 21 598.55
phi3.5-mini-it-3.8b 4 3 20 89.2
gemma2-it-2b 116 1 13 721.01
mixtral-v0.1-it-8x7b 3 1 8 578.66
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Cross-Language Comparison Table 5.5 compares the top 10 LLMs across both languages.
A consistent pattern emerges: models generally perform better on Python than on JavaScript.
For instance, the top-performing mistral-large achieved 86.6% exact matches in Python com-
pared to 76.8% in JavaScript. This performance gap is consistent across other models, all of
which show a noticeable decline in accuracy across metrics when evaluated on JavaScript. This
trend suggests that current LLMs may be biased towards Python, potentially due to its preva-
lence in training corpora.

Table 5.5: Comparison of models across Python and JavaScript call-graph evaluations

80-100%, 60-80%, 40-60%, 20-40%, 0-20%

Model
Python (%) JavaScript (%)

Comp. Sound EM. Comp. Sound EM.

mistral-large-it-2407-123b 60.32 62.70 86.64 40.48 42.86 76.85
gpt-4o 50.00 59.52 81.14 34.92 50.79 75.67
qwen2-it-72b 27.78 53.17 71.29 19.05 40.48 68.12
llama3.1-it-70b 29.37 50.00 70.78 22.22 26.98 59.90
gpt-4o-mini 37.30 37.30 66.28 25.40 23.81 58.22
mistral-nemo-it-2407-12.2b 39.68 34.92 59.93 34.92 18.25 52.18
gemma2-it-27b 23.02 34.13 57.43 11.11 11.11 46.98
llama3.1-it-8b 1.59 31.75 29.88 3.17 28.57 35.57
mixtral-v0.1-it-8x22b 1.58 51.58 28.88 1.58 26.19 15.77
phi3.5-moe-it-41.9b 7.14 19.84 27.71 2.38 9.52 24.33

Call-site Analysis

Table 5.6 presents the evaluation of flow-sensitive call-site analysis on the HeaderGen micro-
benchmark. This task is notably more difficult, requiring the model to identify specific call-sites
with line numbers.

The static tool HeaderGen outperformed all LLMs by a wide margin, achieving 90.9%
completeness and 91.8% soundness (91.3% exact matches) with an execution time of 10.94
seconds. This underscores the efficiency and accuracy of dedicated static analysis algorithms for
this task.

Among LLMs, mistral-large-it-2407-123b was again the top performer but fell significantly
short of the baseline, achieving only 31.1% completeness and 26.2% soundness. Its low exact
match score of 28.5% highlights the struggle of LLMs to pinpoint precise call locations. The
deterioration in performance compared to call-graph analysis confirms that increased complexity
requiring specificity about the location of function calls severely impacts LLM reliability.
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Table 5.6: Comparative analysis across LLMs for call-site analysis on the HeaderGen micro-
benchmark

80-100%, 60-80%, 40-60%, 20-40%, 0-20%

Model
Complete Sound Exact Matches

Time (s)
122 cases 357 cases

HeaderGen 111 112 326 10.94
mistral-large-it-2407-123b 38 32 102 581.87
mixtral-v0.1-it-8x22b 23 21 75 1123.6
gpt-4o 31 26 74 n/a
qwen2-it-72b 22 19 70 289.96
codestral-v0.1-22b 14 13 65 369.05
gemma2-it-27b 22 15 55 173.85
llama3.1-it-70b 19 17 54 362.55
gpt-4o-mini 17 12 36 n/a
mixtral-v0.1-it-8x7b 11 11 32 1000.04
llama3.1-it-8b 14 11 31 356
phi3-medium-it-14b 10 9 31 131.57
phi3-mini-it-3.8b 14 11 31 63.38
mistral-nemo-it-2407-12.2b 18 11 26 54.06
phi3.5-mini-it-3.8b 8 7 21 296.41
codellama-it-34b 14 10 18 320.42
qwen2-it-7b 11 9 16 48.82
mistral-v0.3-it-7b 7 7 15 58.1
tinyllama-1.1b 11 8 12 99.89
phi3-small-it-7.3b 9 8 11 324.57
phi3.5-moe-it-41.9b 8 6 8 2771.88
codellama-it-13b 8 7 6 256.57
gemma2-it-9b 6 6 5 1558.06
codellama-it-7b 6 6 0 222.17
gemma2-it-2b 6 6 0 716.7
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RQ1 Summary

Static analysis tools such as PyCG, Jelly, and HeaderGen consistently outperformed
LLMs in both call-graph and call-site analysis across Python and JavaScript. While
mistral-large emerged as the most capable LLM, its accuracy remained well below that
of dedicated static tools, highlighting the significant challenges LLMs face in performing
rigorous structural code analysis.

5.6.2 RQ2: Accuracy of Type Inference

We now examine the performance of LLMs on Python type inference, utilizing the Exact Match
metric. This evaluation compares the models against the static baseline HeaderGen and the
hybrid tool HiTyper (configured with Type4Py [MLPG22b]).

TypeEvalPy Micro-benchmark

Table 5.7 presents the exact match accuracy on the 860 annotations of the TypeEvalPy micro-
benchmark. In stark contrast to the call graph results, where static analysis reigned supreme,
here, LLMs demonstrate a decisive advantage.

LLM Dominance. The results highlight that LLMs, particularly recent and larger models,
significantly outperform previous approaches like HeaderGen and HiTyper. Among the models
evaluated, OpenAI’s gpt-4o emerges as the best-performing model, correctly inferring 806 of the
total 860 type annotations. This aligns with expectations, as gpt-4o is known for its extensive
parameter count and advanced capabilities. However, its performance comes at the potential
cost of speed and computational expense, factors crucial for practical deployment in real-world
applications.

Specialization vs. Scale. Notably, the mistral-large-it-2407-123b model closely follows
gpt-4o, correctly predicting 804 type annotations, showing how large open-source models are
closing the performance gap with proprietary LLMs. This is significant because it implies
that with proper tuning and architecture, open-source models can rival closed-source models,
providing a potentially more accessible and cost-effective alternative for type inference tasks.
Furthermore, specialized models like CodeLLaMA, particularly the 13B-instruct variant, show
good performance with 728 exact matches, suggesting that fine-tuning models specifically for
code-related tasks offers a distinct advantage over general-purpose LLMs like vanilla LLaMA.
In contrast, smaller models such as TinyLlama (1.1B parameters) exhibit poor performance,
correctly predicting only 102 annotations, implying that model size is a critical factor for complex
tasks like type inference.

Efficiency Trade-offs. From the inference speed perspective, there is a noticeable trade-off
between model size, accuracy, and efficiency. For instance, while larger models like phi3.5-moe-it-
41.9b achieve relatively high accuracy, they incur significant inference times (3,574.35 seconds).
In contrast, mid-sized models such as Codellama-it-13b strike a better balance, delivering decent
performance with 728 exact matches in a considerably shorter time frame (92.81 seconds). This
suggests that when selecting models for type inference in practice, one must consider not only
accuracy but also the computational resources and speed required, especially for large-scale
projects or environments with limited hardware.

TypeEvalPyAutoGen Benchmark

To test whether the LLMs’ strong performance on the micro-benchmark was due to overfitting
or memorization, we evaluated them on the TypeEvalPyAutoGen benchmark. This dataset
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Table 5.7: Exact match comparison of LLMs for type inference on TypeEvalPy micro-
benchmark

80-100%, 60-80%, 40-60%, 20-40%, 0-20%
FRT: Function return type, FPT: Function parameter type, LVT: Local variable type

Model FRT FPT LVT Total Time (s)
Total 239 88 533 860

gpt-4o 217 81 508 806 n/a
mistral-large-it-2407-123b 222 80 502 804 626.46
gpt-4o-mini 212 80 491 783 n/a
llama3.1-it-70b 215 70 485 770 279.73
codestral-v0.1-22b 209 82 469 760 242.05
mixtral-v0.1-it-8x22b 196 68 492 756 674.79
gemma2-it-27b 202 73 479 754 175.14
codellama-it-13b 193 77 458 728 92.81
qwen2-it-72b 202 70 456 728 303.35
codellama-it-34b 192 67 464 723 196.09
phi3-medium-it-14b 198 77 429 704 106.57
mistral-nemo-it-2407-12.2b 196 71 433 700 59.75
mixtral-v0.1-it-8x7b 181 71 434 686 302.86
phi3-small-it-7.3b 180 66 406 652 81.51
mistral-v0.3-it-7b 177 78 387 642 51.51
llama3.1-it-8b 175 69 394 638 170.32
phi3.5-moe-it-41.9b 158 68 389 615 3,574.35
phi3-mini-it-3.8b 175 57 372 604 131.15
phi3.5-mini-it-3.8b 171 55 344 570 111.32
headergen 186 56 321 563 18.25
qwen2-it-7b 167 58 338 563 56.61
codellama-it-7b 164 56 338 558 137.01
hityperdl 163 27 177 367 268.4
gemma2-it-9b 22 16 72 110 1,521.89
tinyllama-1.1b 42 7 53 102 416.63
gemma2-it-2b 21 10 49 80 680.03
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scales the evaluation from 860 to 77,268 annotations, introducing a diverse array of generated
types. Table 5.8 presents the results, while Table 5.9 analyzes the performance delta between
the two benchmarks.

Models with Consistent Performance. Models in this category demonstrate a maximum
delta of 5% between the micro-benchmark and autogen-benchmark scores. Notably, gpt-4o and
mistral-large-it-2407-123b maintained high exact match across both benchmarks, with deltas
of 2.38% and 3.48%, respectively. The close alignment of these results suggests these models
are robust across different testing scenarios, crucial for real-world applications, where model
performance needs to generalize across varied datasets. gpt-4o-mini and codestral-v0.1-22b
showed a slight decline of 3.77% and 2.31% respectively. However, these models remained
within the acceptable variance threshold, suggesting they are still usable for the type inference
tasks. Additionally, HeaderGen, with a delta of just 0.26%, demonstrates the robustness of
static analysis tools.

Models that Improved. Three models showed improvements of more than 5% in exact
matches from the micro-benchmark to the autogen-benchmark. mixtral-v0.1-it-8x22b improved
by 7.18%, and qwen2-it-72b and mistral-v0.3-it-7b increased by 8.89% and 9.61%, respectively.

Models that Deteriorated. Conversely, several models showed significant performance
declines between the two benchmarks. mixtral-v0.1-it-8x7b and phi3.5-moe-it-41.9b exhibited
the largest declines, with mixtral-v0.1-it-8x7b deteriorating by a -75.05% and phi3.5-moe-it-
41.9b by -67.13%. The decline in performance indicates a possible overfitting to the string
datatype that is primarily found in the micro-benchmark.

RQ2 Summary

LLMs, particularly larger models like gpt-4o and mistral-large, demonstrated superior
performance in Python type inference compared to traditional static analysis tools such
as HeaderGen and HiTyper. On the TypeEvalPy micro-benchmark, these top LLMs
achieved near-perfect accuracy (> 93%) and maintained robust consistency when scaled
to the 77k-annotation TypeEvalPyAutoGen benchmark.

5.7 Discussion
This section analyzes the empirical findings of our study. We first examine call-graph con-
struction performance in Python and JavaScript, identifying specific strengths and weaknesses.
We then assess type inference capabilities in Python, contrasting LLMs with traditional static
analysis tools. Subsequently, we explore the performance disparity between type inference and
call-graph analysis, cross-language differences, and the broader implications for software analy-
sis, before proposing directions for future research.

5.7.1 Call Graph Construction in Python: LLMs vs Static Analysis Tools

In Python, the static analysis tool PyCG consistently outperformed LLMs in constructing call-
graphs, with mistral-large-it-2407-123b (mistral-large) ranking highest among the evaluated
LLMs. Table 5.10 compares PyCG and mistral-large across selected categories from the
PyCG micro-benchmark, chosen specifically for similarities and differences in performance.
Furthermore, in Listings 5.7 and 5.8, we list specific failure patterns for LLMs.

Within the returns category, both PyCG and mistral-large accurately resolved cases involv-
ing direct function returns and imported functions. However, mistral-large failed to handle
scenarios with indirect imports through intermediate modules correctly, introducing false posi-
tives and omissions, while PyCG resolved these cases correctly. In complex multi-level return
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Table 5.8: Exact match comparison of LLMs for type inference on TypeEvalPy autogen
benchmark

80-100%, 60-80%, 40-60%, 20-40%, 0-20%
FRT: Function return type, FPT: Function parameter type, LVT: Local variable type

Model FRT FPT LVT Total Time (s)
Total 17,998 896 58,374 77,268

mistral-large-it-2407-123b 16,701 728 57,550 74,979 28,435
gpt-4o 16,804 737 56,716 74,257 n/a
mixtral-v0.1-it-8x22b 16,424 514 56,550 73,488 22,959
qwen2-it-72b 16,488 629 55,160 72,277 15,877
llama3.1-it-70b 16,648 580 54,445 71,673 14,945
gpt-4o-mini 16,628 643 50,162 67,433 n/a
gemma2-it-27b 16,342 599 49,772 66,713 9,121
codestral-v0.1-22b 16,456 706 49,379 66,541 7,437
codellama-it-34b 15,960 473 48,957 65,390 10,983
mistral-nemo-it-2407-12.2b 16,221 526 48,439 65,186 3,227
mistral-v0.3-it-7b 16,686 472 47,935 65,093 2,589
phi3-medium-it-14b 16,802 467 45,121 62,390 6,038
llama3.1-it-8b 16,125 492 44,313 60,930 3,168
codellama-it-13b 16,214 479 43,021 59,714 4,485
phi3-small-it-7.3b 16,155 422 38,093 54,670 4,400
qwen2-it-7b 15,684 313 38,109 54,106 4,483
headergen 14,086 346 36,370 50,802 114
phi3-mini-it-3.8b 15,908 320 30,341 46,569 3,506
phi3.5-mini-it-3.8b 15,763 362 28,694 44,819 3,631
codellama-it-7b 13,779 318 29,346 43,443 5,528
hityperdl 15,765 61 5,365 21,191 6,564
gemma2-it-9b 1,611 66 5,464 7,141 57,828
tinyllama-1.1b 1,514 28 2,699 4,241 13,819
mixtral-v0.1-it-8x7b 3,235 33 377 3,645 78,215
phi3.5-moe-it-41.9b 3,090 25 273 3,388 121,617
gemma2-it-2b 1,497 41 1,848 3,386 23,637
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Table 5.9: Exact matches comparison between micro-benchmark and autogen-benchmark per-
centages

80-100%, 60-80%, 40-60%, 20-40%, 0-20%

Model Micro (%) Autogen (%) Diff. (%)

Models with Consistent Performance (5% Delta)

gpt-4o 93.72 96.10 2.38
mistral-large-it-2407-123b 93.49 96.97 3.48
gpt-4o-mini 91.05 87.28 -3.77
llama3.1-it-70b 89.53 92.75 3.22
codestral-v0.1-22b 88.37 86.06 -2.31
gemma2-it-27b 87.67 86.28 -1.39
codellama-it-34b 84.07 84.64 0.57
phi3-medium-it-14b 81.86 80.74 -1.12
mistral-nemo-it-2407-12.2b 81.40 84.38 2.98
llama3.1-it-8b 74.19 78.89 4.70
qwen2-it-7b 65.47 70.02 4.55
HeaderGen 65.47 65.73 0.26
gemma2-it-9b 12.79 9.24 -3.55

Models that Improved (Minimum 5% Increase)

mixtral-v0.1-it-8x22b 87.91 95.09 7.18
qwen2-it-72b 84.65 93.54 8.89
mistral-v0.3-it-7b 74.65 84.26 9.61

Models that Deteriorated (Minimum 5% Decrease)

codellama-it-13b 84.65 77.26 -7.39
mixtral-v0.1-it-8x7b 79.77 4.72 -75.05
phi3-small-it-7.3b 75.81 70.76 -5.05
phi3.5-moe-it-41.9b 71.51 4.38 -67.13
phi3-mini-it-3.8b 70.23 60.27 -9.96
phi3.5-mini-it-3.8b 66.28 57.99 -8.29
codellama-it-7b 64.88 56.22 -8.66
hityperdl 42.67 27.43 -15.24
tinyllama-1.1b 11.86 5.49 -6.37
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Table 5.10: Category-wise call-graph construction performance on Python micro-benchmark

80-100%, 60-80%, 40-60%, 20-40%, 0-20%

Category PyCG mistral-large-it-2407-123b

Complete Sound E.M. Complete Sound E.M.

returns 4/4 4/4 24/24 3/4 2/4 22/24
dicts 9/12 11/12 40/41 12/12 12/12 41/41
functions 4/4 4/4 9/9 4/4 4/4 9/9

structures, as illustrated by the return_complex test case (see Listing 5.7, mistral-large missed
call edges, resulting in unsoundness, whereas PyCG successfully identified all call relationships.

Complex return constructs, particularly those involving Python’s generator feature using
yield statements, are common in real-world projects. Yield-based generator returns are the
third most frequent functional feature in the dataset consisting of over 3.1 million Python files
from 51,493 GitHub repositories created by Yang et al. [YMH22b]. This highlights the real-world
significance of accurately handling complex return constructs.

The dicts category demonstrated stronger performance by mistral-large, which achieved
perfect completeness, soundness, and exact match rates, surpassing PyCG. Particularly notable
was mistral-large’s correct handling of dictionary updates using the update() method (see
Listing 5.8), a scenario where PyCG incorrectly missed a call edge.

Python dictionary features contribute to efficient and flexible data storage. Beyond direct
method calls like update(), dictionary comprehensions serve as an efficient way to create and
manipulate dictionaries in real-world code. The study by Yang et al. [YMH22b] categorizes
dictionary comprehension constructs as functional features and recorded 81,763 occurrences in
their dataset, ranking them as the fifth most frequent functional feature.

In contrast, within the functions category, both PyCG and mistral-large demonstrated
perfect accuracy, indicating comparable performance in resolving direct calls, variable assign-
ments, and cross-module function imports.

1 def func3():
2 return func2
3
4 def func4(a):
5 return func3()
6
7 ...
8
9 func4()()

Listing 5.7: Returns: higher-order returns

1 def func1():
2 pass
3
4 def func2():
5 pass
6
7 d = {"a": func1}
8
9 d.update({"a": func2})

10 d["a"]()

Listing 5.8: Dicts: update and indirect call
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Table 5.11: Category-wise call-graph construction performance on JavaScript micro-benchmark

80-100%, 60-80%, 40-60%, 20-40%, 0-20%

Category Jelly mistral-large-it-2407-123b

Complete Sound E.M. Complete Sound E.M.

args 4/10 10/10 37/37 4/10 5/10 30/37
classes 5/21 20/21 87/92 1/21 3/21 55/92
objects 7/12 9/12 37/41 11/12 11/12 40/41

Summary: Call Graph Construction in Python

PyCG demonstrated superior overall performance in Python call-graph construction.
However, mistral-large exhibited competitive capabilities in specific dynamic scenarios,
such as dictionary updates, despite struggling with complex return structures and indirect
imports.

5.7.2 Call Graph Construction in JavaScript: LLMs vs Static Analysis Tools

For JavaScript, the hybrid analysis tool Jelly surpassed LLMs in soundness and exact match
rates. The traditional static tool, TAJS, proved ineffective, largely due to its lack of support for
modern ECMAScript features. Table 5.11 contrasts the performance of Jelly and mistral-large.
Specific failure patterns are shown in Listings 5.9–5.12.

In the arguments category, Jelly achieved perfect soundness. mistral-large matched Jelly’s
completeness but was sound in only 50% of cases, struggling with indirect argument (see List-
ing 5.9) flows and cross-file imports (see Listing 5.10). Correctly resolving these patterns is
essential, as features like default parameters and spread arguments appear in over 56% of open-
source JavaScript projects [LNB+25].

In the classes category, Jelly demonstrated robustness, achieving near-perfect soundness.
In contrast, mistral-large faced significant challenges with inheritance and chained attribute
references (see Listing 5.11). Given that class syntax and inheritance are now widely adopted
in JavaScript development [NMM24], this represents a notable limitation for current LLMs.

In the objects category, mistral-large outperformed Jelly in resolving dynamically derived
object keys from function parameters or external modules. However, Jelly proved more reliable
in handling type coercion (see Listing 5.12), which mistral-large failed to resolve. The ability
to handle these constructs is critical; a study by Lucas et al. [LNB+25] found that object features
such as destructuring are highly prevalent, appearing in nearly 69% of projects in a dataset of
158 open-source JavaScript systems.

Summary: Call Graph Construction in JavaScript

Jelly consistently outperformed LLMs in JavaScript call-graph construction, particularly
in handling classes and complex argument flows. While mistral-large showed potential
in resolving dynamic object keys, its utility is limited by failures in high-frequency patterns
like inheritance and indirect data flows.
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1 function paramFunc(a) {
2 a();
3 }
4
5 function func(a) {
6 a(function nestedFunc() { ... });
7 }
8
9 const b = paramFunc;

10 const c = func;
11 c(b);

Listing 5.9: Arguments: nested call

1 import { func } from "./to_import.js"
;

2
3 function paramFunc() { }
4
5 func(paramFunc);

Listing 5.10: Arguments: imported call

1 class A {
2 func() {
3 if (this.child) { this.child();

}
4 }
5 }
6
7 class B extends A {
8 constructor() {
9 super();

10 this.child = this.func2;
11 }
12 func2() { ... }
13 }
14
15 ...
16
17 const b = new B();
18 b.func();

Listing 5.11: Classes: base class calls child

1 function func1() { ... }
2 function func2() { ... }
3
4 let d = {1: func1, "1": func2};
5 d[1]();
6

Listing 5.12: Objects: type coercion

5.7.3 Type Inference in Python: LLMs vs Static Analysis Tools

Table 5.12 presents the comparative performance of mistral-large and HeaderGen on Mi-
cro and Autogen benchmarks. The analysis highlights significant performance divergences in
language constructs such as assignments, decorators, and generators.

HeaderGen’s errors arise primarily from the absence of modeling edge-case language con-
structs. Listings 5.13–5.16 presents complex cases where HeaderGen failed to infer the types
correctly. In assignments (see Listing 5.13), it lacks rules for augmented updates, star unpack-
ing, and tuples that are repeatedly unpacked and repacked, where HeaderGen falls back to the
generic type Any. In decorators, HeaderGen misses the decorators that change a function’s
signature or return type (see Listing 5.14). In generators, it does not track the return type
of a user-defined __next__ method to the type produced by the function that is yielding (see
Listings 5.15 and 5.16).

Developing and maintaining such fine-grained modeling of language constructs is labori-
ous. Static analyzers, therefore, default to conservative approximation as Any. In contrast, an
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Table 5.12: Category-wise type-inference performance across Micro and Autogen benchmarks

80–100, 60–80, 40–60, 20–40, 0–20
FRT: Function-return type, FPT: Function-parameter type, LVT: Local-variable type

Ground Truth mistral-large HeaderGen

Category FRT FPT LVT FRT (%) FPT (%) LVT (%) FRT (%) FPT (%) LVT (%)

Micro-benchmark

assignments 22 4 56 95.5 100.0 100.0 68.2 25.0 58.9
decorators 29 17 12 86.2 70.6 58.3 37.9 35.3 16.7
generators 13 8 49 84.6 100.0 98.0 69.2 50.0 34.7

Autogen Benchmark

assignments 8,308 8 25,357 91.3 100.0 99.9 77.6 50.0 62.6
decorators 748 269 494 77.5 82.9 75.7 36.1 25.7 6.1
generators 49 24 186 89.8 100.0 91.9 79.6 79.2 34.4

LLM acquires these behaviors implicitly through large-scale exposure to real-world repositories,
learning that int += int remains an int and that a wrapper can replace a function’s return
type; it therefore preserves precise types where HeaderGen widens to Any.

1 # augmented assignment
2 a += 3
3
4 # starred assignment
5 a, *b, c = f1, f2, f3
6
7 # nested unpacking
8 (x, (y, z)) = (1, (2, 3))
9

10 # recursive tuple unpacking
11 t1 = (1, 2)
12 (a, b) = t1

Listing 5.13: Assignments

1 # class decorator
2 @decorator
3 class C:
4 ...
5
6 # nested decorators
7 @d1
8 @d2
9 def g():

10 ...

Listing 5.14: Decorators

Summary: Type Inference in Python

In Python type inference, mistral-large surpassed the static analysis tool Header-
Gen by accurately preserving precise types in complex constructs such as augmented
assignments, decorators, and generators, whereas HeaderGen defaulted to conservative
approximations due to limited modeling of edge-case language constructs.

5.7.4 LLM Performance Differences: Type Inference vs. Call Graph Analysis

The empirical results indicate that LLMs perform substantially better on type inference tasks
than on call-graph analysis. However, explaining this behavior of LLMs is challenging, as their
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1 def f():
2 return
3
4 def g(n):
5 for _ in range(n):
6 yield 5
7
8 for fn in g(10):
9 print(fn())

10

Listing 5.15: Generators: yield in function

1 def squares():
2 n = 1
3 while True:
4 yield n * n
5 n += 1
6
7 gen = squares()
8 for _ in range(5):
9 a = next(gen)

Listing 5.16: Generators: next on iterator

performance often emerges from complex interactions between training data, model architecture,
and task formulation. A likely explanation is the alignment between the task and the model’s
training objective. Python type annotations are locally scoped and embedded within the source
code, aligning well with the next-token prediction objective of LLMs. This allows models to learn
type patterns effectively during pre-training. Although the micro-benchmark used in this study
was newly created, lacked in-code annotations, and was unlikely to have been seen during pre-
training, the LLMs were still able to generalize and perform well. Type inference also benefits
from certain scenarios, such as local variable assignments, where a complex understanding of
global program behavior is not always necessary, and types can often be inferred from the nearby
context.

By contrast, call-graph construction requires reasoning about control flows and structural
relationships, which are harder to infer from token sequences alone, presenting greater challenges
for LLMs. Recent studies suggest that such structural reasoning capabilities do not naturally
emerge from scaling alone [BGK25, ORV+24], limiting the effectiveness of LLMs for global
analysis tasks.

Summary: Type Inference vs. Call Graph Analysis

LLMs demonstrated stronger performance in type inference than call-graph analysis, likely
due to the alignment of type information with token prediction objectives during pre-
training, whereas call-graph construction requires complex global reasoning that is less
accessible through local token patterns.

5.7.5 Cross-language Performance Disparities

A consistent observation throughout our experiments is that LLM performance is notably better
on Python code than on JavaScript. This aligns with prior findings [Bus23, CTJ+21], which
suggest that Python’s simpler syntax and prevalence in training corpora contribute to better
model performance. While these factors offer a plausible explanation, a systematic investigation
is required to definitively isolate the causes of this cross-language performance gap.

5.7.6 Implications for Type Inference in Dynamic Languages

Our findings suggest that LLMs are surpassing traditional tools in type inference tasks, espe-
cially in dynamically typed languages like Python. This has significant implications for large
codebases, where manual annotation is often infeasible. Accurate type inference can substan-
tially improve code readability, enable better tooling (e.g., code completion, static analysis), and
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facilitate the gradual adoption of type annotations in legacy projects.
Models such as gpt-4o and mistral-large-it-2407-123b demonstrate superior accuracy in

inferring types. This capability suggests a potential shift in how type information is extracted
and utilized within development workflows, moving from static, rule-based systems toward data-
driven, context-aware assistants. However, the deployment of these models is not without chal-
lenges. Their computational requirements, including high memory usage and inference latency,
can make LLMs difficult to integrate into resource-constrained environments such as continuous
integration pipelines or lightweight IDE plugins. Furthermore, concerns around determinism,
explainability, and security (particularly with closed-source models) must also be considered
when using LLMs in production tooling.

Summary: Future of Type Inference

LLMs show significant performance improvements in type inference for dynamic languages
like Python, indicating a potential for data-driven analysis approaches in development
workflows, although practical deployment faces challenges related to resource demands,
determinism, and security.

5.7.7 Trade-offs Between Model Accuracy and Efficiency

Mid-sized models, such as codellama-it-13b and codestral-v0.1-22b, offer a more balanced
trade-off, achieving competitive accuracy with lower inference time. These results imply that
specialized fine-tuning and architectural choices can lead to performance levels comparable to,
or even better than, general-purpose proprietary models. Conversely, the notably poor per-
formance of lightweight models like tinyllama-1.1b suggests that there is a lower bound on
model complexity necessary for robust type inference. Results indicate that these smaller mod-
els lack the representational capacity needed to capture the complex code patterns that type
inference demands, particularly in dynamically typed languages where explicit type hints are
sparse. This observation suggests that while lightweight models may be attractive for extremely
resource-constrained settings, they may not yet be viable replacements when inference preci-
sion is critical. In real-world applications, smaller models with moderate accuracy and faster
inference times may be more appropriate in iterative development environments.

Summary: LLM Scale vs Accuracy Trade-offs

Mid-sized models such as codellama-it-13b and codestral-v0.1-22b achieve a balance
between accuracy and efficiency, whereas smaller models like tinyllama-1.1b lack the
capacity for reliable type inference, indicating that a minimum model complexity is nec-
essary for precision in dynamic languages.

5.7.8 Scalability and Deployment Considerations

Most LLMs evaluated in this study have over seven billion parameters, which typically require
multi-GPU setups or specialized hardware (e.g., high-memory A100 or H100 nodes) to perform
inference at acceptable speeds. This makes them impractical for deployment on standard single-
GPU machines commonly used by individual developers. In contrast, traditional tools such as
PyCG and HeaderGen can be executed efficiently in such environments, making them more
viable for integration into developer workflows where hardware resources are limited. This gap
points to the need for either lighter, more optimized LLM variants specifically designed for
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developer tooling or hybrid approaches that combine traditional static analysis with targeted
LLM augmentation only when necessary.

Summary: Practical Deployment Considerations

Due to their high hardware demands, current LLMs are impractical for standard single-
GPU deployments, highlighting the need for lighter LLM variants or hybrid approaches
that combine static analysis with selective LLM augmentation to support resource-
constrained developer environments.

5.7.9 Towards Hybrid Analysis: LLMs as Enhancers of Static Tools

Given their proficiency in type inference, LLMs are well-positioned to augment, rather than
replace, traditional static analysis pipelines. Inferred types can improve the precision of down-
stream analyses, such as call-graph construction, particularly in the presence of dynamic dis-
patch or polymorphism. A hybrid approach that combines the semantic understanding of LLMs
with the structural rigor of static analysis represents a promising research direction. Realizing
this requires addressing challenges related to confidence calibration, conflict resolution, and the
maintenance of transparency within analysis workflows.

Summary: Towards Hybrid Analysis

LLMs could supplement rather than replace static analysis tools by providing inferred
types to improve downstream analyses like call-graph construction, though achieving ef-
fective hybrid integration requires addressing challenges related to confidence calibration
and transparency.

5.8 Threats to Validity
We acknowledge the following limitations and threats to the validity of our study:

• Prompt Uniformity: We utilized a standardized prompt across all models to ensure a
controlled comparison. Tailored prompt engineering for specific architectures could poten-
tially yield improved performance. Our modular framework can serve as a foundation for
future research aimed at refining prompts to improve performance.

• Output Formatting: Open-source models frequently deviated from the expected output
formats provided in the prompt. To mitigate this, we manually identified response patterns
and added a pre-processing step to standardize the format. However, this approach may
not account for all variations, further underscoring the challenge of consistently generating
structured data with LLMs.

• Decoding Strategy: We used greedy search for token prediction, always selecting the
highest-probability token. Future research could explore higher temperature settings and
incorporate a voting mechanism to identify the best output, potentially yielding better
results.

• Micro-benchmark Limitations: Micro-benchmarks isolate specific features but may
not fully capture the complexity of real-world applications. We mitigated this by extending
TypeEvalPy with auto-generation capabilities, significantly expanding the diversity of
test cases, though full coverage of all real-world variations cannot be guaranteed.
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• Auto-generation Validity: Extending TypeEvalPy with auto-generation capabilities
required significant human effort to create the initial templates. Although these were
reviewed by multiple authors, they remain subject to human error. We assess that any
minor inaccuracies are unlikely to substantially impact the overall trends observed.

• Lack of Auto-generated Call Graph Benchmarks: In contrast to type inference,
we did not scale the call-graph benchmark using auto-generation techniques. While the
low performance observed on the existing benchmarks already indicates weaknesses of the
evaluated models, scaling the call graph benchmarks may further amplify these issues.
Addressing this limitation by developing large-scale, automatically generated call graph
benchmarks is a direction for future work.

5.9 Conclusion

This study provides a comprehensive evaluation of LLMs in static analysis tasks, particularly
call-graph construction and type inference, using enhanced micro-benchmarks across Python
and JavaScript programs. Our results reaffirm that while LLMs offer promising capabilities in
various software engineering tasks, for Python, traditional static analysis methods remain more
effective for call-graph construction. Similar to findings in previous studies, LLMs have yet to
surpass the efficiency of static tools like PyCG and Jelly for this task.

Interestingly, our analysis also highlights a notable performance difference between LLMs’
handling of Python and JavaScript code, with LLMs generally performing better on Python.
One possible explanation is that LLMs may inherently handle Python more effectively due to
the language’s widespread use in LLM training datasets. Yet, further investigation is required
to fully understand this performance gap.

In type inference tasks, LLMs demonstrated a clear advantage over traditional tools, where
models like gpt-4o and mistral-large-it-2407-123b excelled. However, their large computational
demands limit their practicality in resource-constrained environments. Notably, smaller special-
ized models like codestral-v0.1-22b showed competitive performance, highlighting the potential
for optimization.

This chapter investigated the potential of LLMs to overcome the inherent limitations of
traditional static analysis. To rigorously assess this, we expanded the evaluation landscape by
introducing TypeEvalPyAutoGen, which scales type inference benchmarking to over 77,000
annotations, and SWARMCG, a multi-language framework for call-graph analysis. Through
comprehensive empirical experiments involving 24 LLMs and state-of-the-art static baselines,
we uncovered insights into their performance.

In type inference tasks, LLMs demonstrated a clear superiority over traditional tools. Models
like gpt-4o and mistral-large successfully resolved dynamic Python features, achieving near-
perfect accuracy even on large-scale, auto-generated benchmarks. This confirms that LLMs
possess an implicit understanding of type systems that allows them to succeed where rigid static
rules fail.

Conversely, our results highlight that LLMs currently lack the global reasoning capabilities
required for call-graph construction. Traditional static tools, PyCG for Python and Jelly for
JavaScript, consistently outperformed LLMs. Furthermore, we observed a notable performance
disparity across languages, with LLMs performing significantly worse on JavaScript than Python,
likely reflecting biases in training data composition.

While LLMs offer semantic understanding, their deployment comes with high costs. The high
inference latency and hardware requirements of top-tier models contrast sharply with the sub-
second efficiency of static analyzers. However, the competitive performance of mid-sized, fine-
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tuned models (e.g., codestral) suggests a path toward more efficient, domain-specific solutions.
This study demonstrates the potential of LLMs in software analysis tasks, while also em-

phasizing their limitations and the continued strengths of traditional methods. Consequently,
the most promising path forward for software analysis lies in hybrid approaches. By leverag-
ing LLMs to infer precise semantic properties and feeding these insights into rigorous static
rule-based algorithms, we can move beyond the trade-offs that have historically constrained the
field. For instance, by using type inference capabilities of LLMs with traditional static analy-
sis techniques to improve call-graph construction, especially in handling dynamic dispatch and
polymorphism.
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Conclusion and Future Work
6

Designing effective static analysis tools for dynamic languages like Python presents a unique
set of challenges. While static analysis has long been a cornerstone of software reliability for
languages like Java, its application to Python has historically lagged. This discrepancy is par-
ticularly critical given the dominance of Python in data science and machine learning domains,
where code quality is often compromised by ad-hoc development practices. In this dissertation,
we addressed these challenges by developing novel static analysis techniques, establishing rigor-
ous benchmarking frameworks, and empirically evaluating emerging learning-based approaches.

Our first contribution addresses the prevalence of unstructured Jupyter Notebooks. While
intended for literate programming, notebooks often end up being “messy” scripts that hinder
collaboration. To mitigate this, we developed HeaderGen, which automatically augments
code with semantic headers and documentation. This tool is built upon our novel Extended
Assignment Graph, which introduces flow-sensitivity to resolve calls to external machine learning
libraries. By mapping these calls to a high-level taxonomy of operations, HeaderGen restores
a narrative structure to the code. Our evaluation demonstrates that this approach not only
outperforms existing tools like PyCG in call-site recognition but also significantly improves
navigation and comprehension for practitioners.

Second, we addressed the methodological gap in evaluating type inference, the founda-
tional layer of Python analysis. To provide specificity, we introduced TypeEvalPy, a micro-
benchmark grounded in manually curated snippets with 845 verified annotations. To achieve
scale, we augmented this with an automated generation engine, thereby expanding the evalu-
ation set to over 77,000 annotations. Using this unified pipeline, we assessed state-of-the-art
static analyzers alongside learning-based models, including LLMs. Our results highlight the
superior adaptability of LLMs: models like mistral-large successfully resolved precise types
in complex constructs, such as decorators and generators, where static tools often defaulted to
conservative approximations. While this performance signals a potential paradigm shift toward
data-driven analysis, widespread deployment must still overcome barriers related to resource
intensity, determinism, and security.

Third, we extended our evaluation to call-graph analysis by introducing SWARMCG, a
multi-language benchmark suite. Unlike our findings in type inference, here traditional static
analyzers consistently outperformed LLMs, particularly in handling complex inheritance and
indirect data flows. While models like mistral-large showed competitive utility in resolving
specific dynamic behaviors, such as dictionary updates and dynamic object keys, they ultimately
struggle with the global reasoning required for structural analysis. This contrast suggests that
while LLM pre-training aligns well with local token prediction (types), it is less effective at
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capturing the non-local dependencies necessary for accurate call-graph construction.
In conclusion, this work demonstrates that accurate call-graph construction and reliable

type inference are essential for supporting developers in downstream tasks such as program
comprehension. The tools and frameworks presented in this dissertation illustrate how empir-
ical benchmarks can guide the refinement of analysis techniques and quantify their trade-offs.
These findings highlight LLMs as a complementary paradigm, suggesting that the most effec-
tive solutions will combine the determinism of traditional static analysis with the flexibility of
learning-based methods.

Future Work. Several directions for future research emerge from the findings of this disser-
tation:

• Systematic Integration via Feedback Loops: Integrating static analysis with LLMs
requires moving beyond simple prompting to iterative feedback loops. In this architecture,
static analysis can serve as a validator to constrain LLM hallucinations, while the LLM
acts as an ambiguity resolver for dynamic features that static tools cannot easily model.
This hybrid feedback loop targets the simultaneous improvement of precision, by strictly
filtering invalid predictions, and recall, by uncovering dynamic behavior that rule-based
systems miss.

• Scalable and Leakage-Resilient Benchmarking: As LLMs are increasingly trained on
large corpora of open-source code, static benchmarks are at risk of contamination through
data leakage, where evaluation instances or closely related variants appear in training
data. Such overlap can inflate measured performance by rewarding memorization rather
than genuine generalization. Future research should therefore pivot toward live, evolving
evaluation frameworks that utilize synthetic code generation and systematic mutation. By
continuously synthesizing novel test cases and transforming existing ones, these frameworks
can produce streams of evaluation data that reduce direct overlap with training corpora.
This shift from fixed datasets to continuous assessment better emphasizes reasoning and
generalization capabilities, while acknowledging that complete immunity to memorization
cannot be guaranteed.

• Agentic Workflows: In this dissertation, LLMs are evaluated in a single-message inter-
action setting. With the emergence of agentic workflows, future research should investi-
gate agents capable of self-exploring a codebase, navigating files, and utilizing auxiliary
tools like text manipulators to on-the-fly static analyzers to iteratively refine their un-
derstanding. This approach moves beyond static contexts, enabling the construction of
comprehensive call graphs and type assignments in large-scale projects.
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PyCG Intermediate Representa-
tion

A
This appendix provides a detailed breakdown of the Intermediate Representation (IR) used
by PyCG [SSL+21a]. This IR serves as the foundation for the construction of the Extended
Assignment Graph (EAG). To illustrate the concrete state of the analysis, we use the following
Python code snippet as a running example throughout this chapter.

A.1 Running Example Source Code

Listing A.1 defines a simple class hierarchy involving inheritance and a method call. This
minimal example is sufficient to demonstrate how PyCG models namespaces, static scoping,
inheritance resolution, and data flow. Note that the pass keyword is a null operation that serves
as a placeholder in the body of class B. It indicates that B does not introduce any new attributes
or methods and inherits all behavior from its superclass A.

A.2 Analysis State Domains

After analyzing the source code, PyCG generates an internal state composed of four distinct
domains: the Namespace, Scope, Class Hierarchy, and the Assignment Graph. The following
sections visualize the concrete state for each domain corresponding to the running example.

1 # module: main
2 class A:
3 def func(self, x):
4 return x
5
6 class B(A):
7 pass
8
9 b = B()

10 res = b.func(10)

Listing A.1: Running Example: Python Source Code
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A.2 Analysis State Domains

A.2.1 Namespace Domain

The Namespace domain defines the program’s identifiers and their fully qualified paths (objects).
This disambiguates variable names based on their location (e.g., distinguishing a local variable
x from a global one). Note that abstract values, such as the literal 10, are also represented as
object nodes.

1 // Identifiers are pairs of (name, type)
2 dmain = ("main", mod)
3 dA = ("A", cls)
4 dfunc = ("func", func)
5 dx = ("x", var)
6 dB = ("B", cls)
7 db = ("b", var)
8 dres = ("res", var)
9

10 // Objects are fully qualified paths (sequences of definitions)
11 omain = [dmain]
12 oA = [dmain, dA]
13 ofunc = [dmain, dA, dfunc]
14 ox = [dmain, dA, dfunc, dx]
15 oB = [dmain, dB ]
16 ores = [dmain, dres]

Listing A.2: Concrete State: Namespace Domain

A.2.2 Scope Domain

The Scope domain captures the static nesting structure of the program. It maps a definition to
the set of definitions strictly contained within it.

1 // Maps a definition to the set of definitions strictly inside it
2 s = {
3 dmain 7→ {dA, dB , db, dres},
4 dA 7→ {dfunc},
5 dfunc 7→ {dself , dx, dret}, // implicit return var
6 dB 7→ ∅
7 }

Listing A.3: Concrete State: Scope Domain

A.2.3 Class Hierarchy Domain

The Class Hierarchy domain models inheritance. It maps a class object to its Method Resolution
Order (MRO), allowing the analysis to correctly resolve attribute lookups (like b.func) to the
parent class A.

1 // Maps a class object to its Method Resolution Order (MRO)
2 h = {
3 oB 7→ [oA] // B inherits from A
4 }

Listing A.4: Concrete State: Class Hierarchy Domain
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A.2.4 Assignment Graph Domain

The Assignment Graph (π) captures the data flow. It maps an object to the set of objects
assigned to it. This includes explicit variable assignments, argument passing, and return values.

1 // Maps an object to the set of objects assigned to it
2 π = {
3 // Instantiation: b points to an instance of B
4 ob 7→ {oB},
5

6 // Call "b.func(10)":
7 // 1. Argument passing: param x points to literal object 10
8 ox 7→ {o10},
9

10 // 2. Return flow: virtual return var points to x
11 ofunc.ret 7→ {ox},
12

13 // 3. Result assignment: res points to the function return
14 ores 7→ {ofunc.ret}
15 }

Listing A.5: Concrete State: Assignment Graph Domain

A.3 Definition–Use Chains and Flow Sensitivity

HeaderGen achieves flow sensitivity by distinguishing between different assignments to the
same identifier based on their source code location. This is realized through a Definition–Use
Chain (DUC) analysis computed over the Python AST using Beniget [ser22].

Using the running example from Listing A.1 (Appendix A), we demonstrate how Header-
Gen identifies definitions and uses to construct precise graph nodes.

A.3.1 DUC Analysis Output

The DUC analysis identifies the definition site for every variable usage, respecting Python’s lex-
ical scoping and name resolution rules. Listing A.6 shows the chains extracted for the identifiers
in the running example.

1 // Format: Definition(Variable, Line) -> [Use(Line), ...]
2

3 // 1. Class Definitions
4 Def(A, 2) -> [Use(6)] // ’A’ defined at L2, used as base class at L6
5 Def(B, 6) -> [Use(9)] // ’B’ defined at L6, instantiated at L9
6

7 // 2. Variable Definitions
8 Def(b, 9) -> [Use(10)] // ’b’ defined at L9, receiver of call at L10
9

10 // 3. Parameter Definitions
11 Def(x, 3) -> [Use(4)] // ’x’ defined as param at L3, used in return at L4

Listing A.6: Extracted Definition–Use Chains
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A.3 Definition–Use Chains and Flow Sensitivity

A.3.2 Flow-Sensitive Node Construction

When constructing the Extended Assignment Graph (EAG), HeaderGen queries the DUC
index. Instead of creating a generic node for an identifier (which would merge all values assigned
to it globally), it creates versioned nodes indexed by the definition line number.

For the instantiation assignment b = B() at line 9:

1. The transition rule identifies the assignment to b.

2. The DUC is queried to find that this definition of b occurs at Line 9.

3. A versioned node (b, 9) is created (or retrieved).

4. The edge is drawn from the value source to this specific version.

Listing A.7 visualizes the resulting nodes and edges for this specific operation.
1 // Context: Assignment "b = B()" at Line 9
2

3 // 1. Node Creation (Identifier, Location)
4 nLHS = (db, 9) // Node for ’b’ defined at L9
5 nRHS = (dB , 9) // Node for ’B’ usage at L9
6

7 // 2. Flow Edge Creation
8 // Captures that the specific version of ’b’ at L9 points to class B
9 Edge: (db, 9)← (dB , 9)

10

11 // Note: If ’b’ were redefined at Line 11 (e.g., b = 100),
12 // a new node (db, 11) would be created.
13 // Any subsequent usage of ’b’ would link to either (d_b, 9) or (d_b, 11)
14 // depending on which definition reaches that use.

Listing A.7: Flow-Sensitive Nodes in EAG
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Prompts
B

B.1 Type Inference Prompts

You will be provided with the following information:
1. Python code. The sample is delimited with triple backticks.
2. Sample JSON containing type inference information for the Python code in a specific format.
3. Examples of Python code and their inferred types. The examples are delimited with triple

backticks. These examples are to be used as training data.

Perform the following tasks:
1. Infer the types of various Python elements like function parameters , local variables , and

function return types according to the given JSON format with the highest probability.
2. Provide your response in a valid JSON array of objects according to the training sample

given. Do not provide any additional information except the JSON object.
3. {format_instructions}

Example Python Code:
‘‘‘main.py
{code snippet}
‘‘‘

Example JSON Response:
‘‘‘
{example response in JSON format}
‘‘‘

Listing B.1: Prompt for type inference with JSON output format

## Task Description

** Objective **: Examine and identify the data types of various elements such as function
parameters , local variables , and function return types in the given Python code.

** Instructions **:
1. For each question below , provide a concise , one -word answer indicating the data type.
2. For arguments and variables inside a function , list every data type they take within the

current program context as a comma separated list.
3. Do not include additional explanations or commentary in your answers.

Listing B.2: Prompt for type inference in question-answer format (part 1 of 2)
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** Example Python Code **:
‘‘‘python
a = 1
b = 1.0
c = "hello"
‘‘‘

** Example Questions **:
1. What is the type of the variable ’a’ at line 1, column 1? Reply in one word.
2. What is the type of the variable ’b’ at line 2, column 1? Reply in one word.
3. What is the type of the variable ’c’ at line 3, column 1? Reply in one word.

** Example Answers **:
1. int
2. float
3. str

** Python Code Provided **:
{code}

** Questions **:
{questions}

** Format for Answers **:
- Provide your answer next to each question number , using only one word.
- Example:

1. int
2. float
3. str

**Your Answers **:
{answers}

Listing B.3: Prompt for type inference in question-answer format (part 2 of 2)
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## Task Description

** Objective **: Examine and identify the data types of various elements such as function
parameters , local variables , and function return types in the given Python code.

** Instructions **:
1. For each question below , provide a concise , one -word answer indicating the data type.
2. For arguments and variables inside a function , list every data type they take within the

current program context as a comma separated list.
3. Do not include additional explanations or commentary in your answers.

** Example Python Code **:
‘‘‘python
a = 1
b = 1.0
c = "hello"
‘‘‘

** Example Questions **:
1. What is the type of the variable ’a’ at line 1, column 1? Reply in one word.
2. What is the type of the variable ’b’ at line 2, column 1? Reply in one word.
3. What is the type of the variable ’c’ at line 3, column 1? Reply in one word.

** Example Answers **:
1. int
2. float
3. str

** Python Code Provided **:
‘‘‘main.py
def param_func ():

return "Hello from param_func"

def func(a):
return a()

b = param_func
c = func(b)
‘‘‘

** Questions **:
1. What is the return type of the function ’param_func ’ at line 1, column 5?
2. What is the return type of the function ’func ’ at line 5, column 5?
3. What is the type of the parameter ’a’ at line 5, column 10, within the function ’func ’?
4. What is the type of the variable ’b’ at line 9, column 1?
5. What is the type of the variable ’c’ at line 10, column 1?

** Format for Answers **:
- Provide your answer next to each question number , using only one word.
- Example:

1. int
2. float
3. str

**Your Answers **:
1.
2.
3.
4.
5.

Listing B.4: Example of an actual full prompt for type inference in question-answer format used
in the study
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B.1.1 Call-graph Prompts

## Task Description

** Objective **: Examine and identify the function calls in the given {language} code and answer
the questions.

** Instructions **:
1. For each question below , provide a concise answer indicating the function calls.
2. List every function call as a comma separated list.
3. Do not include additional explanations or commentary in your answers.
4. Include both explicit and implicit function calls in your answers. An implicit function

call is a function that is called as a result of another operation , such as the __init__
method being called when an object is created.

5. If a function is called through an alias or a reference , identify and list the actual
function that is called after resolving the alias.

6. If a passed argument is not invoked within the function , do not include the function call
in the answer.

7. Example of {language} code , questions , and answers are given below. This example should be
used as training data.

Listing B.5: Prompt for call-graph task in question-answer format (Part 1 of 2)

** Format for Answers **:
- Provide your answer next to each question number , using only one word.
- Do not include the questions in your answer.
- Example:

1. simple.func
2. simple.examplefunc
3. func

** Example Questions **:
1. What are the module level function calls in the file "main.py"?
2. What are the function calls inside the "main.return_func" function in the file "main.py"?
3. What are the function calls inside the "main.func" function in the file "main.py"?

** Example Answers **:
1. main.func , main.return_func
2. main.func
3.

**{language} Code Provided **:
{code}

** Questions **:
{questions}

** Answers **:
{answers}

Listing B.6: Prompt for call-graph task in question-answer format (Part 2 of 2)
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## Task Description

** Objective **: Examine and identify the fully qualified names of function calls in the given {
language} code , including class methods with both the class name and the method name.

** Instructions **:
1. For each question below , provide a concise answer indicating the fully qualified name of

function call in that line , including class name for methods.
2. List every function call in that line as a comma separated list.
3. Do not include additional explanations or commentary in your answers.
4. Example of {language} code , questions , and answers are given below. This example should be

used as training data.

Listing B.7: Prompt for flow-sensitive call-graph task in question-answer format (Part 1 of 2)

** Format for Answers **:
- Provide your answer next to each question number , using only one word.
- Add the line number of where the function is defined in the program to the answer separated

by ":"
- Count the line number from 1
- Make sure to include the question number in your response
- Do not include the questions in your answer.
- Example:

1. simple.func:1
2. simple.examplefunc :2
3. func:5

** Example {language} Code **:
‘‘‘main.{language_extension}
{example code snippet}
‘‘‘

** Example Questions **:
1. What are the fully qualified function calls at line 7 in file ’main.py ’?
2. What are the fully qualified function calls at line 8 in file ’main.py ’?

** Example Answers **:
1. main.simple_function :1
2. main.another_function :4

**{language} Code Provided **:

{code}

** Questions **:
{questions}

** Answers **:
{answers}

Listing B.8: Prompt for flow-sensitive call-graph task in question-answer format (Part 2 of 2)

B.2 Example Responses

B.2.1 Type inference Output of mistral-large for test case args/assigned_call
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1 def param_func():
2 return "Hello!"
3
4
5 def func(a):
6 return a()
7
8
9 b = param_func

10 c = func(b)

Listing B.9: Source code

1 1. str
2 2. str
3 3. function
4 4. function
5 5. str

Listing B.10: Raw LLM response

1 [{
2 "file": "main.py",
3 "line_number": 1,
4 "col_offset": 5,
5 "function": "param_func",
6 "type": ["str"]
7 },
8 {
9 "file": "main.py",

10 "line_number": 5,
11 "col_offset": 5,
12 "function": "func",
13 "type": ["str"]
14 },
15 {
16 "file": "main.py",
17 "line_number": 5,
18 "col_offset": 10,
19 "parameter": "a",
20 "function": "func",
21 "type": ["callable"]
22 },
23 {
24 "file": "main.py",
25 "line_number": 9,
26 "col_offset": 1,
27 "variable": "b",
28 "type": ["callable"]
29 },
30 {
31 "file": "main.py",
32 "line_number": 10,
33 "col_offset": 1,
34 "variable": "c",
35 "type": ["str"]
36 }]

Listing B.11: Ground truth

1 [{
2 "file": "main.py",
3 "line_number": 1,
4 "col_offset": 5,
5 "function": "param_func",
6 "type": ["str"]
7 },
8 {
9 "file": "main.py",

10 "line_number": 5,
11 "col_offset": 5,
12 "function": "func",
13 "type": ["str"]
14 },
15 {
16 "file": "main.py",
17 "line_number": 5,
18 "col_offset": 10,
19 "parameter": "a",
20 "function": "func",
21 "type": ["callable"]
22 },
23 {
24 "file": "main.py",
25 "line_number": 9,
26 "col_offset": 1,
27 "variable": "b",
28 "type": ["callable"]
29 },
30 {
31 "file": "main.py",
32 "line_number": 10,
33 "col_offset": 1,
34 "variable": "c",
35 "type": ["str"]
36 }]

Listing B.12: Parsed JSON response
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B.2.2 Callgraph Output of mistral-large-it-2407-123b for test case args/as-
sign_return

1 def return_func(args1):
2 return args1
3
4
5 def func1():
6 pass
7
8
9 def func2():

10 pass
11
12 return_func(func1)
13 return_func(func2)()

Listing B.13: Source code

1 {
2 "main": [
3 "main.return_func",
4 "main.func2"
5 ],
6 "main.func1": [],
7 "main.func2": [],
8 "main.return_func": []
9 }

Listing B.14: Ground truth

1 1. main.return_func, main.func2
2 2.
3 3.
4 4.

Listing B.15: Raw LLM response

1 {
2 "main": [
3 "main.return_func",
4 "main.func2"
5 ],
6 "main.func1": [],
7 "main.func2": [],
8 "main.return_func": []
9 }

Listing B.16: Parsed JSON response
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B.2.3 Callgraph Output of phi3-mini-it-3.8b for test case args/assign_return

1 def return_func(args1):
2 return args1
3
4
5 def func1():
6 pass
7
8
9 def func2():

10 pass
11
12 return_func(func1)
13 return_func(func2)()

Listing B.17: Source code

1 {
2 "main": [
3 "main.return_func",
4 "main.func2"
5 ],
6 "main.func1": [],
7 "main.func2": [],
8 "main.return_func": []
9 }

Listing B.18: Ground truth

1 1. func1, func2
2 2. func1
3 3. func2
4 4. return_func

Listing B.19: Raw LLM response

1 {
2 "main": [
3 "func1",
4 "func2"
5 ],
6 "main.func1": [
7 "func1"
8 ],
9 "main.func2": [

10 "func2"
11 ],
12 "main.return_func": [
13 "return_func"
14 ]
15 }

Listing B.20: Parsed JSON response
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