
LOUPE: End-to-End Learning of Loop Unrolling
Heuristics for Abstract Interpretation

Maykel Mattar
Université Paris-Saclay, CEA, List
Université Bretagne Sud, IRISA

Palaiseau, Vannes, France
maykel.mattar@{cea.fr, irisa.fr}

Valentin Perrelle
Université Paris-Saclay, CEA, List

Palaiseau, France
valentin.perrelle@cea.fr

Michele Alberti
Université Paris-Saclay, CEA, List

Palaiseau, France
michele.alberti@cea.fr

Salah Sadou
Université Bretagne Sud, IRISA

Vannes, France
salah.sadou@irisa.fr

Abstract—While static program analyzers based on abstract
interpretation implement precision-improving techniques to re-
duce false alarms, such as loop unrolling, their computational
cost requires carefully devised heuristics for selective application.
Manually designing such heuristics is non-trivial and error-prone,
possibly leading to state explosion.

This paper presents LOUPE, a novel end-to-end approach
for automatically learning loop unrolling heuristics for static
program analysis. Unlike previous data-driven methods, LOUPE
leverages Graph Neural Networks (GNNs) to learn directly
from graph-based program representations. To enable supervised
learning, we use the static analyzer itself to automatically label
training data. We implement LOUPE on top of FRAMA-C/EVA,
an open source C static analyzer, and demonstrate that the best
performing heuristic (GINE) outperforms the FRAMA-C/EVA
built-in heuristic on real-world programs, reducing false alarms
by 1.5x while improving analysis performance by 56%. Remark-
ably, GINE accurately predicts loop unrolling decisions made by
expert FRAMA-C/EVA engineers, while maintaining acceptable
false-positive rates. Finally, we show that LOUPE can effectively
learn heuristics for other static analyzers such as MOPSA.

Index Terms—automatic parametrization, static program anal-
ysis, machine learning, graph neural networks

I. INTRODUCTION

Static program analysis by abstract interpretation has proven
effective at approximating program behavior to verify proper-
ties and detect bugs. Nonetheless, the computed abstractions
are often imprecise and may result in false alarms, indicating
potential errors that, upon closer examination, turn out to be
non-issues. As an excessive number of false alarms under-
mines user trust and hinders adoption, state-of-the-art static
analyzers, such as ASTRÉE [1], FRAMA-C [2], GOBLINT [3],
MOPSA [4] SPARROW [5] and POLYSPACE [6], provide users
with abstractions and strategies to improve analysis precision
and reduce false alarms, albeit at the expense of efficiency.

This work was supported by France Agence Nationale de la Recherche
(ANR), program France 2030, reference ANR-22-PTCC-0001. This publica-
tion was made possible by the use of the FactoryIA supercomputer, financially
supported by the Ile-De-France Regional Council.

Notable strategies are those based on trace partitioning [7],
a collection of precision-enhancing techniques that require
an analysis to maintain multiple abstract states per program
control point instead of a single one. For instance, loop
unrolling infers a separate abstract state for each loop iteration.
Nevertheless, unconditional trace partitioning is prohibitively
resource-intensive on real-world programs (potentially leading
to non-termination due to infinite execution paths), requiring
careful analysis parametrization by users.

Problem: Adequate parametrization is essential for static
analysis to be effective, yet it remains a real challenge for
users lacking specialized knowledge and expertise. Even for
domain experts, it still demands considerable effort and time.

Literature on automating parametrization for static pro-
gram analysis gravitates towards two opposing methodological
paradigms in algorithm configuration [8]. The first class of ap-
proaches [9]–[11] provides per-program analysis parametriza-
tion by iteratively executing the analysis with varying parame-
ter settings to optimize results w.r.t. a cost function (typically,
the total number of alarms), within a time budget. Parameter
exploration techniques span from local search algorithms [9],
[10] to probability distribution refinement methods [11]. Con-
versely, the second class of approaches [12]–[16] leverages
machine learning on large codebases to learn heuristics that
selectively apply strategies only to program components (e.g.
loop statements, functions, etc.) to optimize adaptive static
analysis [17]. The learned heuristics are then used on new,
unseen programs without further program-specific tuning.

Ultimately, the first class of approaches aims to tailor static
analyzer configurations to individual programs, while the sec-
ond class aims to apply analysis strategies to specific program
components by learning to identify common characteristics.

Goal: This work aims to draw upon modern machine
learning techniques to propose a general approach to auto-
matically learn effective heuristics for automating strategy
parametrization in abstract interpretation-based static analysis.

As a case study, we consider loop unrolling—arguably one
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of the most effective, widespread, and adaptable heuristics
for improving precision in abstract interpretation. Loop un-
rolling provides a simple yet powerful form of trace par-
titioning that mitigates the precision loss inherent in loop
analysis by strategically delaying or bypassing imprecise ab-
stract operations. Its fundamental importance is demonstrated
by its widespread adoption across modern static analyzers,
including FRAMA-C/EVA [2], GOBLINT [3], MOPSA [4],
and SPARROW [5]. These tools adapt loop unrolling to fit
diverse analysis philosophies, ranging from proving program
properties to prioritizing pragmatic bug-finding.

While existing methods have yielded cost-efficient strate-
gies, such as determining flow and context-sensitivity [12],
variable clustering in the octagon domain [13], and selecting
widening thresholds [14], their effectiveness crucially depends
on feature engineering, where domain experts manually iden-
tify meaningful program characteristics that serve as input for
machine learning to build predictive models. Yet, feature engi-
neering suffers from serious drawbacks. Designing meaningful
features requires substantial domain expertise and demands
considerable time and effort through an iterative trial-and-error
process. As such, handcrafted features reflect the designer bias
and rarely transfer between analyses and analyzers. Ultimately,
current data-driven approaches shift the burden of engineering
heuristics from coding to feature design.

Prior works have investigated automatic feature generation
to overcome these limitations. However, these approaches are
either designed for specific analysis strategies [18] or rely on
methods that limit their broader applicability [19], revealing
their fundamental inability to provide a general approach for
automatically learning heuristics for static analysis.

Proposal: We introduce LOUPE, a novel end-to-end data-
driven approach (and tool) to automatically learn heuristics for
loop unrolling parametrization in static program analysis from
existing codebases. The learned heuristic serves as an oracle
within the static analyzer to determine loop unrolling decisions
when analyzing new programs. Unlike existing ones, ours is an
end-to-end learning approach that directly maps programs to
loop unrolling decisions without requiring feature engineering.
While we focus on loop unrolling, LOUPE is designed to be, in
principle, general enough to support other analysis strategies.

Our approach is made possible by two key ideas. The first
idea enables us to rely on the supervised learning paradigm
while avoiding one of its fundamental bottlenecks, namely,
manual data labeling. Drawing from differential testing [20],
we develop differential analysis to automatically label loops
by leveraging the loop unrolling strategy provided by the static
analyzer. Specifically, for each loop in a program, we perform
two static analyses, one with default settings and another with
loop unrolling enabled. We then assign label 1 to loops where
loop unrolling reduces the number of alarms, and 0 other-
wise. The second idea is to leverage modern deep learning
techniques to learn features directly from data, circumventing
the limitations of feature engineering. We train off-the-shelf
Graph Neural Networks (GNNs) to learn from graph-based
program representations, which have proven effective across

several studies, ranging from vulnerability detection to com-
piler optimizations [21]–[24].

We have implemented LOUPE as a modular pipeline, us-
ing FRAMA-C/EVA [25] as the primary static analyzer. The
pipeline encompasses data preprocessing, model training and
evaluation. Its extensible architecture reflects the generality of
our framework, enabling future experimentation and adapta-
tion to other analysis strategies beyond loop unrolling.

Evaluation: We use LOUPE to train and evaluate multiple
program representations and machine learning architectures.
Manually-crafted features [15] perform the worst among
vector-based embeddings, while graph-based ones are the best.
Across all models, the Graph Isomorphism Network with Edge
features (GINE) [26] achieves the best overall performance.

On the Open Source Case Study (OSCS) benchmark [27],
the GINE-parametrized FRAMA-C/EVA analysis outperforms
the analysis using the built-in -eva-auto-loop-unroll
heuristic, achieving a 1.5x higher false alarm reduction rate
while also reducing analysis time by approximately 56%.
Remarkably, when evaluated on OSCS projects with expert-
provided loop unrolling annotations by the FRAMA-C team,
GINE correctly predicts over 81% of these decisions, while
maintaining acceptable false-positive rates.

To assess the generality of our approach, we first apply
the same GINE model—originally trained on FRAMA-C/EVA
data—to guide loop unrolling decisions in MOPSA [4], a
second abstract interpretation-based static analyzer. The trans-
ferred model achieves promising results, demonstrating cross-
analyzer applicability. We then fully integrate MOPSA into the
LOUPE pipeline to train a new, specific GINE model, which
significantly outperforms the transferred model.

Contributions: We claim the following contributions:
• We propose LOUPE, a novel end-to-end data-driven ap-

proach to automatically learn loop unrolling heuristics for
abstract interpretation-based static analysis;

• We develop differential analysis to automatically label
large codebases w.r.t. loop unrolling by leveraging the
underlying static analyzer’s loop unrolling technique;

• We implement LOUPE as a modular pipeline, encompass-
ing data preprocessing, model training and evaluation. Its
extensible architecture admits experimenting with multi-
ple analyzers and strategies beyond loop unrolling;

• We experimentally demonstrate the effectiveness of the
best GNN model (GINE) w.r.t. the FRAMA-C/EVA built-
in heuristic -eva-auto-loop-unroll when analyz-
ing real-world C programs;

• We evaluate model transferability, and extend LOUPE to
learn heuristics for the static analyzers MOPSA.
Data Availability Statement: A result replication package

is available at https://doi.org/10.5281/zenodo.15559653.

II. MOTIVATION

A. Loop Analysis by Abstract Interpretation

Among static analysis techniques, abstract interpreta-
tion [28] provides a theoretical framework for systematically
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deriving sound approximations of program semantics. This
approach enables the static verification of program properties
by reasoning about all possible program behaviors. Several
industrial-strength static analyzers [1], [3]–[6], [25] implement
the principles of this framework to detect, among others,
undefined behaviors and prove the absence of runtime errors.

Abstract interpretation is based on three fundamental princi-
ples that address the challenge of computing an infinite set of
reachable program states in finite time. First, the set of reach-
able states is over-approximated using a concise abstraction—
for instance, representing each numerical variable by the
interval of its possible values. Second, this abstraction is
computed at each control point—typically by traversing the
control flow forward or backward—without distinguishing the
specific path taken to reach a given state. Third, analysis
termination is guaranteed by using a widening operator that
extrapolates from successive potential invariants until one is
proved to be a sound inductive invariant.

However, these principles can sometimes introduce exces-
sive imprecision. In such cases, although the inferred set
of states captures all reachable states, it may also include
unreachable ones, causing the analyzer to emit false alarms.

1 #include <stdio.h>
2

3 int fib(int n) {
4 int a = 1, b = 1;
5 for (int i = 3; i <= n; i++) {
6 int tmp = a;
7 a += b;
8 b = tmp;
9 }

10 return a;
11 }
12

13 void main() {
14 for (int i = 1, n; i <= 10; i++) {
15 printf("Enter a number <= 30: ");
16 scanf("%d", &n);
17 if (n > 0 && n <= 30) {
18 printf("fib(%d)=%d\n", n, fib(n));
19 break;
20 }
21 }
22 }

Fig. 1: Example of a Fibonacci C program.

To illustrate these concepts, consider the simple program
shown in Fig. 1, which implements a Fibonacci function called
within a loop in the main function. When analyzing this
program with FRAMA-C/EVA without additional parameters,
the analyzer determines that at the end of the fib function,
a and b are in the range [1, 231 − 1], leading to a potential
overflow alarm for the operation a += b. This imprecision
can arise from two sources: (i) the interval abstraction of a and
b fails to capture the relationship between these variables and
i; (ii) the widening operator may not find a precise invariant
before considering the entire positive range of 32-bit integers,

which is a trivial invariant1.
The analysis precision can be improved by enabling path-

sensitive reasoning, locally. Loop unrolling, a commonly used
trace partitioning technique [7], is particularly effective in this
case since the loop has a bounded and small number of it-
erations. Moreover, by distinguishing between loop iterations,
the analysis maintains precise values for the local variables
at each iteration. Trace partitioning is implemented in several
static analyzers including FRAMA-C/EVA and others [3], [4],
[29]–[31]. In FRAMA-C/EVA, increasing analysis precision
with the -eva-precision 2 parameter enables a built-in
heuristic that unrolls both loops in the program2, producing
precise intervals and eliminating the false alarm.

B. Loop Unrolling in FRAMA-C/ EVA

Automatic loop unrolling in FRAMA-C/EVA is controlled
by the parameter -eva-auto-loop-unroll N, which
instructs the analyzer to unroll every loop that can be proven—
by means of an undocumented reasoning—to have fewer
than N iterations (requiring N ≥ 28 in our example). This
behavior is automatically enabled with N set to 32 when using
-eva-precision 2.

While loop unrolling can sometimes accelerate the analy-
sis, it often increases the computational cost significantly,
particularly for nested loops. In our example, setting
-eva-auto-loop-unroll with unrolling factor 10 or
higher will cause FRAMA-C/EVA to unroll the main func-
tion’s loop, but this provides no precision benefit and merely
increases analysis time. In real-world applications, unrolling
too many loops can be computationally prohibitive, suggesting
the use of lower values for -eva-auto-loop-unroll,
though this may lead to missed opportunities.

Our experience with FRAMA-C/EVA on industrial case
studies has shown the need for careful management of trace
partitioning, often requiring loop-by-loop decisions about un-
rolling. Such fine-grained control can be achieved through
code annotations of the form //@ loop unroll N;.These
annotations instruct the analyzer to unroll the first N iterations
of the loop. When such an annotation is present on a loop, it
overrides the -eva-auto-loop-unroll setting for that
specific loop. For instance, in our example, we can place
a //@ loop unroll 100; annotation before the loop
in fib to unroll it, while preventing the unrolling of the
main’s one with //@ loop unroll 0;, independently of
the -eva-auto-loop-unroll parameter.

Loop annotations do not require specifying the exact num-
ber of iterations: if a higher unrolling factor is provided than
needed to reach a fixpoint, the analyzer will stop when no
further states are reachable. For loops that must be unrolled,
we can specify an arbitrarily high unrolling factor; the analyzer
only restricts unbounded unrolling to ensure termination.

1As of FRAMA-C 30.0 (Zinc), the interval for i is inferred precisely without
the need of any additional analysis parameter. In our example of Fig. 1, the
imprecision arises solely from the relationship between the variables, not the
widening operator.

2Using -eva-precision with higher values produces the same result.
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Manual annotations are useful for unrolling loops that the
-eva-auto-loop-unroll heuristic would ignore due to
high iteration counts, and they prevent unnecessary unrolling
when the computational cost outweighs the precision gains.
However, this annotation-based approach has significant draw-
backs: it requires deep understanding of both the analyzed
source code and the analyzer, it is time-consuming, and
annotations may become ineffective as the analyzer evolves.

These limitations highlight the importance of developing
new automatic heuristics as the one we propose in this paper.
Among existing trace-partitioning techniques, loop unrolling
stands out as particularly promising: it is broadly supported by
state-of-the-art analyzers, delivers one of the most significant
improvements in the precision-cost trade-off, and is conse-
quently widely applied—making it ideal for learning automatic
parametrization heuristics via machine learning.

III. BACKGROUND: SUPERVISED LEARNING ON GRAPHS

A. The Three Ingredients of Supervised Machine Learning

In supervised binary classification, we typically have a
dataset D = {(xi, yi)}Ni=1, where each xi ∈ X represents
an input and yi ∈ {0, 1} its corresponding class, or label. Our
goal is to learn a model h : X→ R that maps inputs to class
probability, which represent the likelihood that a given input
belongs to the positive class (usually labelled as class 1). This
function is learned by training a machine learning algorithm
on the (xi, yi) to optimize its predictive performance.

Supervised machine learning is built on three ingredients:

1) Hypothesis class. A family hΘ of functions, over the
set of (hyper)parameters Θ, that describes how to map
inputs (e.g. images, programs) to outputs (e.g. class prob-
abilities, predictions). This class represents all possible
models hθ ∈ hΘ a machine learning algorithm can learn;

2) Loss function. A function that evaluates the performance
of a specific hypothesis hθ by measuring the difference
between predicted and actual outputs. Given set of pa-
rameters θ ∈ Θ, it quantifies how well a model achieves
its intended task, with lower values indicating better
performance;

3) Optimization method. A procedure that systematically
searches for the optimal parameters θ that minimize the
sum of losses over the (training) dataset. This process
learns the best model within the hypothesis class by
iteratively adjusting parameters to improve performance.

While choosing a hypothesis class hΘ depends on the problem
at hand, a typical loss function for binary classification is
the binary cross-entropy loss ℓBCE. Then, supervised binary
classification can be formalized as the optimization problem
that minimizes the average binary cross-entropy loss between
predicted probabilities hθ(xi) and true class yi across all N
training examples:

min
θ

1

N

N∑
i=1

ℓBCE(hθ(xi), yi)

Hop 0 Hop 1 Hop 2 Hop 3

x1 x2 x3

Fig. 2: Illustration of message passing iterations in a GNN.

The optimal parameters θ are found via iterative gradient
descent optimization, which iteratively updates the parameters
in the opposite direction of the gradient of the loss function
∇θℓBCE(hθ, y). More formally, given θt the parameters at
iteration t, θt+1 = θt − η∇θℓBCE(hθt , y), where η ∈ R, with
η > 0, is called the learning rate.

B. Learning on Graphs with Graph Neural Networks

Supervised learning on graphs is particularly relevant since
each loop unrolling decision can be framed as a binary
classification task on graph-based program representations (cf.
Section V). It follows the binary classification principles, but
for the Graph Neural Networks (GNNs) hypothesis class.

GNNs for graph-classification are a composition of func-
tions (layers) that transform node-level representations (node
features) into whole graph-level representations (graph fea-
tures). What distinguish GNNs from traditional NNs is their
ability to capture relational information between nodes through
iterative message passing operations over the graph topology.
During each iteration, node features are updated by aggregat-
ing information from neighbor nodes, allowing the network
to learn both local and global structural patterns. Formally, a
GNN architecture hΘ is defined as a composition of functions:

hΘ = CLASS ◦ READOUT ◦ MPK ◦ . . . ◦MP1

where each MPk represents a message passing operation,
READOUT is a graph-level aggregation operation, and
CLASS computes the positive class probability. Parameters
Θ comprise all those in (MPk)

K
k=1, READOUT and CLASS.

While CLASS is a learnable function implemented as a stan-
dard neural network, we now detail the operations performed
by the MP and READOUT layers. Given a graph G = (V,E)
with initial node features {xv

0}v∈V , each message passing
layer MPk, for k = 1, . . . ,K, updates all node features by
aggregating information from their neighbors as follows:

• Message computation. For each node v ∈ V and its
neighbors u ∈ N (v), node features {xu

k−1}u∈N (v) are
transformed as mv,u

k = MSGk(x
v
k−1,x

u
k−1), where func-

tion MSGk is learnable.
• Message aggregation. For each node v ∈ V ,

neighbor’s messages {mv,u
k }u∈N (v) are combined as

avk = AGGREGATEk({mv,u
k }u∈N (v)), where function

AGGREGATEk is learnable and based on permutation-
invariant operations such as sum, mean, max or min.

• Node features update. For each node v ∈ V , all node
features are updated as xv

k = UPDATE(xv
k−1,a

v
k), where

function UPDATE is learnable and based on aggregating
operations such as sum or concatenation.
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Fig. 2 illustrates how node features propagate through the
graph structure of the network, with each iteration k allowing
information to flow to k-hop neighbors.

The graph-level representation xG for graph G is ob-
tained by combining the final node features {xv

K}v∈V

as xG = READOUT({xv
K}), where function READOUT

is learnable. Like AGGREGATE, it must be permutation-
invariant to ensure independence from node ordering.

While message passing is the common principle behind
most GNNs, different architectures arise from particular im-
plementations of the MSG, AGGREGATE, UPDATE and
READOUT functions (cf. Section V-C).

IV. PROBLEM FORMULATION

Setting: Strategy parametrization is naturally captured by
the notion of adaptive static analysis [17]. In this setting, the
analysis of a program is guided by an explicit specification
of which program components should be subject to partic-
ular analysis strategies, enabling fine-grained control over
the trade-off between precision and performance inherent in
static analysis. For instance, in the case of loop unrolling, the
analysis receives a specific set of loop statements to unroll.

Formally, given a program p ∈ P , let LS,p ⊆ LS denote all
program components of p to which S can be applied, and let
ℓS,p ⊆ LS,p denote a specific parametrization of strategy S on
p—that is, the specific components of p to which S is applied
during analysis. Then, an adaptive analysis w.r.t. strategy S is
a function AS : P × LS → N, such that AS(p, ℓS,p) returns
the number of alarms emitted when analyzing program p with
strategy S, under strategy parametrization ℓS,p.

We write ⊥S = AS(p, ∅) and ⊤S = AS(p,LS,p) the anal-
yses that apply strategy S on no and all relevant components
in p, respectively. Since we will focus on a single strategy, we
omit the subscripts S and p when clear from context.

Static analyses are usually monotonic w.r.t. parametrization,
that is, for any pair of strategy parametrization ℓ1, ℓ2, if
ℓ1 ⊆ ℓ2 then A(p, ℓ2) ≤ A(p, ℓ1). In other words, applying
a strategy to more program components generally results in
fewer alarms, although at the cost of increased analysis time.

Optimization Problem: The objective is a cost-effective
function h : P → L such that, for every p ∈ P , the analysis
A(p, h(p)) yields results close to the best parametrization—
usually ⊤—while incurring significantly lower cost—ideally,
comparable to ⊥. Such a function can be learned by solving
the adaptive static analysis optimization problem over a train-
ing codebase {p1, . . . , pn}: given a hypothesis class hΘ, find
θ ∈ Θ that minimizes

∑n
i=1A(pi, hθ(pi)).

While seminal works [12]–[15] use various machine learn-
ing techniques to solve this problem, from Bayesian optimiza-
tion [12] to gradient-based methods [13]–[15], they all rely on
feature engineering to construct program embeddings for hθ.
Prior research on automatic feature generation [19] remains
limited, relying on a code reducer to generate such program
representations. We defer to Section VIII for more details.

Goal and Challenges: As a case study, we focus on the
loop unrolling strategy [7] for C code static analysis.

Our goal is to develop an end-to-end supervised learning
framework to solve the adaptive static analysis optimization
problem for loop unrolling—that is, to automatically learn
a parametrization heuristic h : P → L that maps programs
to loops to unroll—from existing codebases.

Inspired by previous work [13]–[15], we reduce the adaptive
static analysis optimization problem to learning a binary clas-
sifier ℓ∗ that identifies the minimal loop unrolling parametriza-
tion that closely approximates ⊤ on a training codebase.
Indeed, although ⊤ provides the fewest alarms, unrolling all
loops is rarely necessary. Formally, given a hypothesis class
hΘ, this amounts to finding θ ∈ Θ that minimizes the average
binary cross-entropy loss between hθ(pi) and true class ℓ∗(pi)
across a training codebase {p1, . . . , pn}.

Although learning loop unrolling parametrization in our set-
ting reduces to a binary classification task, several challenges
remain. First, supervised learning requires substantial labeled
data, but no dataset exists for our task, and manually labeling
publicly available C code is infeasible. The task also exhibits
class imbalance, as loops requiring unrolling in static analysis
are the minority. Moreover, we must consider a code repre-
sentation capturing the syntactic and the semantic program
characteristics that drive unrolling decisions, which in turn
influences the choice of model architecture. Finally, training
effective models requires careful hyperparameter tuning.

V. THE LOUPE FRAMEWORK

A. Overview

Fig. 3 shows the phases of LOUPE, our framework for end-
to-end learning of loop unrolling heuristics from codebases.

While grounded in supervised binary classification, LOUPE
starts with unlabeled C codebases. To enable automatic and
scalable labeling, LOUPE employs a dedicated data preparation
process (cf. Section V-B). First, Slicing extracts loops into
self-contained, analyzable code slices. These are labeled for
loop unrolling via Differential Analysis leveraging static anal-
ysis, and then transformed into suitable program representa-
tions by Embeddings Construction. Finally, to address class
imbalance—as loops requiring unrolling are the minority—
Data Sampling applies rebalancing techniques to produce a
labeled dataset with balanced classes.

In the Model Training, LOUPE trains various off-the-shelf
machine learning models on the resulting dataset, without
requiring manual feature engineering (cf. Section V-C).

LOUPE is also used during static analysis when a loop
unrolling decision is required (solid arrows in Fig. 3). Given
a loop statement, it extracts the corresponding slice, gener-
ates its representation, and uses the trained model (i.e., the
learned heuristic) to predict whether unrolling would reduce
the number of alarms reported by the static analysis.
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Codebases Slicing Differential
Analysis

Embeddings
Construction

Data
Sampling Heuristic

Model
Training

Training Only

Fig. 3: LOUPE: framework for end-to-end learning of heuristics from C codebases.

B. Data Preparation
1) Codebases: Whole-program static analyzers [1], [2], [6]

require complete source code access, including all libraries
and dependencies, to successfully parse and process input
programs. These strict requirements make it difficult to use
preprocessed C datasets commonly found in literature.

To overcome this limitation, we adopt ANGHABENCH [32],
a large-scale repository containing over one million self-
contained, compilable C files. Because each file is self-
contained, it can be process directly by static analyzers with-
out requiring additional modifications. The repository covers
a broad spectrum of domains—ranging from multimedia,
networking, and operating systems to artificial intelligence,
cryptography, and software development tools—providing a
rich and diverse basis for training machine learning models.

2) Slicing: Large codebases often contain substantial por-
tions of code irrelevant to specific analysis strategies like
loop unrolling. Processing them in full introduces scalability
challenges and noise, which can bias the learning process.
To address this, we apply program slicing [33] to extract
loops with their direct dependencies. This approach isolates
the code that directly affect loop behavior, preserving essential
control and data dependencies. The resulting program slices
are self-contained, offer a more focused, noise-reduced, and
computationally efficient representation of loops for training.

3) Differential Analysis: Supervised learning requires la-
beled training datasets, where each instance is paired with a
ground truth label (cf. Section III-A). However, in cases like
ours, manual labeling is prohibitively expensive: annotators
must carefully inspect individual code segments and possess
both domain expertise and proficiency in static analyzers.
These demands make large-scale manual labeling impractical.

We address this labeling bottleneck by introducing differen-
tial analysis, a technique inspired by differential testing [20].
Our approach automatically labels loops by comparing static
analysis outcomes under different loop unrolling parametriza-
tions. Specifically, for each loop, we run the analyzer twice:
once with default settings and once with loop unrolling en-
abled. If unrolling reduces the number of emitted alarms, the
loop is labeled 1; otherwise, it is labeled 0 (cf. Algorithm 1).
We call ANGHABENCH dataset the resulting labeled slices.

This procedure avoids manual labeling while ensuring that
labels directly reflect the optimization objective—minimizing
alarms in static analysis. Note that differential analysis is only
required during training, as the learned heuristic (i.e., trained
model) can later predict unrolling decisions without compar-
ative analysis, amortizing the initial computational cost.

Algorithm 1 Differential Analysis w.r.t. Loop Unrolling for
Automatic Labeling

Input: Code slices S = {s1, ..., sn}, each with a single loop,
and static analyzer A

Output: Labeled dataset D = {(si, yi)|si ∈ S, yi ∈ {0, 1}}
1: D ← ∅
2: for all s ∈ S do
3: α← A(s, LOOPUNROLL ← false) ▷ #alarms w/o loop unroll

4: β ← A(s, LOOPUNROLL ← true) ▷ #alarms w/ loop unroll

5: if β < α then
6: y ← 1 ▷ Loop unrolling reduces number of alarms

7: else
8: y ← 0 ▷ No improvement observed

9: end if
10: D ← D ∪ {(s, y)}
11: end for

While similar techniques have been proposed [13]–[15],
they rely either on designing lightweight pre-analyses [13],
[14] (e.g. impact pre-analysis [34]), or on datasets pre-
annotated with buggy program points for labeling [15]. In con-
trast, by operating on single-loop slices, differential analysis
leverages the actual analyzer’s unrolling strategy to automati-
cally generate ground truth labels.

4) Embeddings Construction: Applying machine learning
to programs requires transforming code into numerical feature
representations, or embeddings. We consider two alternative
approaches: vector embeddings using IR2VEC, and graph
embeddings leveraging Code Property Graph (CPG). While
IR2VEC leverages fixed, pretrained seed embeddings suitable
for feature extraction, graph-based representations support
joint training with GNN models, enabling end-to-end learning.

Vector Embeddings: IR2VEC [35] generates dense vector
representations of programs, by encoding LLVM intermediate
representation (LLVM-IR) instructions into fixed-size embed-
dings that reflect both syntactic and semantic program char-
acteristics, including control-flow and data-flow information.
We fine-tuned the seed embeddings on our ANGHABENCH-
derived LLVM-IR corpus, and use IR2VEC to encode the
LLVM-IR corresponding to each program slice into a fixed-
length vector. The resulting vectors are fed into downstream
classifiers for training and inference.

Graph Embeddings: To capture richer code semantics,
we combine multiple graph-based program representations—
including Abstract Syntax Trees (ASTs), Control Flow Graphs
(CFGs), and Program Dependence Graphs (PDGs)—into a
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unified representation, Code Property Graph (CPG), by using
JOERN [36]. Formally, a CPG is a tuple (V,E, λ, µ), where
V are the nodes (from the AST), E are the edges (from AST,
CFG, and PDG), λ provides metadata labels, and µ assigns
comprehensive properties.

To enable learning, we encode CPG elements into vector
representations. Node names and code snippets are embedded
using a pretrained sentence transformer model. Categorical
features—such as node types and edge labels—are trans-
formed via one-hot encoding. This process yields graphs with
the same topology but numerical features instead of raw text.

Formally, the CPG of a program slice is encoded as a triple
(X,EdgeAttributes, EdgeIndex), where:

• X ∈ Rn×d is the matrix of encoded node properties, with
n nodes, each with embedding dimension d,

• EdgeAttributes ∈ Rm×p is the matrix of edge features,
with m edges, each with embedding dimension p,

• EdgeIndex ∈ Rm×2 is the list of edge connections as
node index pairs.

This representation retains structural and semantic informa-
tion and ensures compatibility with GNN-based architectures.
Importantly, it maintains the end-to-end nature of our learning
pipeline: embeddings are learned or transferred, not hand-
crafted, ensuring full differentiability and scalability.

5) Data Sampling: Due to the infrequent necessity of loop
unrolling, our ANGHABENCH dataset exhibits a substantial
class imbalance, with a positive-to-negative ratio of approxi-
mately 1:11. We consider several strategies to mitigate this im-
balance, including random undersampling and oversampling,
α- undersampling and oversampling, and SMOTE [37] for
vector embeddings only. Crucially, all sampling procedures
are applied only to the train split. This ensures that validation
and test splits remain untouched, preserving the validity of
our performance metrics and ensuring that the experimental
evaluation outcomes accurately reflect real-world conditions.

C. Model Training

1) Architectures: We investigate three model families: tra-
ditional vector-based models such as XGBOOST, pretrained
code language models, and Graph Neural Networks.

Gradient-Boosted Decision Trees: XGBOOST [38] is a
fast, scalable implementation of gradient boosting that builds
tree ensembles to correct residual errors iteratively. It includes
regularization to reduce overfitting and handles non-linear
feature interactions effectively. In our setup, it serves as a
strong baseline for vector-based classification.

Code Language Models (CodeLLM): CODEBERT [39]
and GRAPHCODEBERT [40] are transformer models pre-
trained on large codebases via masked language modeling
and bimodal source-code alignment. CODEBERT learns from
code–natural language pairs, while GRAPHCODEBERT also
integrates data-flow graphs to better capture program structure.
We fine-tune both for classification, leveraging their pretrained
representations to boost code-related task performance.

Graph Neural Networks (GNN): Programs can be nat-
urally represented as graphs (e.g., control- and data-flow),
making GNNs a strong choice. Prior work has demonstrated
their effectiveness on program-analysis tasks [23], [36]. We
consider several GNN architectures with varying properties in
terms of expressiveness, scalability, and learning capabilities.
Dynamic Graph CNN (DGCNN) [41] introduces edge con-

volutions to capture local structural patterns in control-
and data-flow graphs, though the memory-intensive dynamic
graph construction limits its scalability on large CPGs.

Graph Attention Network (GAT) [42] employs an attention
mechanism to focus on important elements. While effective
on node tasks, GAT may underperform on graph-level tasks.

Graph Isomorphism Network with Edge features (GINE) [26]
extends the GIN [43] architecture by incorporating edge
features in its message passing definition:

xv
k = UPDATE

(
(1+ϵ) ·xv

k−1+
∑

u∈N (v)

ReLU(xu
k−1+ev,u)

)
where UPDATE is a learnable function, ev,u encodes re-
lationships between connected nodes, and ϵ is a learnable
parameter that balances the importance of node features
xv
k−1 relative to neighbors’ features xu

k−1. This flexibility
allows balancing local and aggregate information based on
task requirements. In principle, GINE is the most expressive
architecture in terms of graph classification, matching the
Weisfeiler-Lehman graph isomorphism test [44].
2) Training and Fine-Tuning: We train models on an 80%

class-balanced train split of our ANGHABENCH dataset. We
fine-tune models on the validation split (10%) and select the
best-performing configurations based on their performance on
the test split (10%). To reduce variance and avoid split-specific
bias, we repeat this process on five different train/valida-
tion/test splits. Fine-tuning is automated through SLURM jobs,
each exploring distinct hyperparameter combinations tailored
to the respective model type. This search space includes
standard parameters (e.g. layer count and dimensionality,
dropout rates, etc.), enabling the systematic identification of
the optimal configuration for each model.

D. Pipeline Implementation

The artifact accompanying this paper provides a complete
implementation of our LOUPE framework (cf. Section V). It in-
cludes detailed technical specifications, library dependencies,
and a modular pipeline architecture to facilitate replication.
The pipeline builds on state-of-the-art tools and libraries, in-
cluding PYTORCH GEOMETRIC [45] and SCIKIT-LEARN [46]
for machine learning, as well as IR2VEC [35] and JOERN [36]
for vector and CPG extraction, respectively.

LOUPE supports both FRAMA-C/EVA and MOPSA analyz-
ers. The full pipeline is implemented in PYTHON. Slicing and
FRAMA-C/EVA-powered differential analysis are FRAMA-C
plug-ins, whereas the MOPSA support reuses the same slic-
ing infrastructure but employs a custom differential analysis
prototype implemented in PYTHON.
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The learned heuristics serve to automatically parametrize
loop unrolling strategies in both analyzers. In FRAMA-C/EVA,
loop unrolling decisions are applied via code annota-
tions, whereas in MOPSA, they are specified using the
-loop-unrolling-at command-line option.

VI. EXPERIMENTAL EVALUATION

A. General Overview

We aim at answering the following research questions:
RQ1 Efficacy: Can LOUPE produce effective models, and do

they generalize to real-world codebases? How does the best
model compare against one trained on handcrafted features?

RQ2 Performance: Does the best learned heuristic improve
FRAMA-C/EVA performance, and how does it compare
to the built-in -eva-auto-loop-unroll heuristic? To
what extent do its predictions align with loop unrolling
annotations in OSCS provided by the FRAMA-C team?

RQ3 Generality: How well does the best heuristic learned for
FRAMA-C/EVA perform when applied to other static ana-
lyzers? Can LOUPE be generalized to other static analyzers?
To answer these research questions, we must evaluate

LOUPE across different settings, analyzers, and benchmarks.
RQ1 asks whether LOUPE can produce effective models

that generalize to real-world code. To answer this, we need to
benchmark our approach against multiple baselines, including
models trained on handcrafted features and alternative archi-
tectures. We therefore use two datasets: the ANGHABENCH
dataset test split, which offers realistic class imbalance in
standalone C files, and OSCS, a set of real-world C projects
with loop unrolling annotations by the FRAMA-C team [27].

RQ2 investigates whether the best learned heuris-
tic provided by LOUPE translates into meaningful per-
formance improvements in the FRAMA-C/EVA analyzer.
This requires comparing it against various loop unrolling
strategies—ranging from no unrolling (⊥) to full un-
rolling (⊤), as well as the FRAMA-C/EVA built-in heuris-
tic -eva-auto-loop-unroll (Alu)—under multiple un-
rolling budgets and abstract domains. We also assess its pre-
diction alignment with expert-provided annotations in OSCS.

RQ3 focuses on the generality of both the best learned
heuristic and the overall LOUPE pipeline. Addressing this
requires adapting the differential analysis component to sup-
port MOPSA as the underlying static analyzer. We then eval-
uate whether the best learned model, originally trained on
FRAMA-C/EVA data, maintains its effectiveness when applied
to MOPSA, and whether retraining on MOPSA data yields
further improvements.

B. RQ1 Efficacy: End-to-End Learning Effectiveness

To ensure conceptual rigor and practical relevance, the
benchmark reflects the inherent class imbalance of real-world
scenarios. Only the best-performing sampling strategy per
model is reported: undersampling is applied to all models
except XGBOOST [38], which uses SMOTE [37].

As baselines, we consider a random classifier that assigns a
50% probability of unrolling, an SVM leveraging handcrafted

TABLE I: Performance comparison of loop unrolling heuristic
learning on preprocessed and real-world imbalanced datasets.

Model ANGHABENCH (Test Split) OSCS
P / R F1 F2 B-ACC P / R F1 F2 B-ACC

Random 8.4 / 50.3 14.3 25.1 50.1 11.5 / 48.2 18.6 29.5 49.2
XGBOOST- IR2VEC 28.3 / 33.5 30.7 32.3 62.7 54.9 / 14.7 23.2 17.2 56.3

SVM- SPARROW 8.2 / 88.6 15.0 29.9 49.2 7.2 / 41.3 12.3 21.3 35.1
GRAPHCODEBERT 20.4 / 81.8 32.7 51.1 76.6 23.3 / 80.7 36.1 54.0 66.2

DGCNN 24.3 / 79.3 37.4 54.8 78.7 21.7 / 50.8 26.6 34.70 58.3
GAT 22.8 / 73.6 35.6 52.2 76.7 21.8 / 68.7 31.1 51.27 66.7
GIN 11.1 / 77.1 34.8 52.1 76.9 23.1 / 49.1 33.4 48.95 67.0

GINE 26.8 / 81.6 40.4 57.98 80.85 26.9 / 79.1 40.1 57.01 70.06

features of SPARROW [15], as well as XGBOOST combined
with IR2VEC [35] and SMOTE. We also fine-tune CodeLLM
models such as GRAPHCODEBERT [40] via transfer learning
with encoder-based vectorization for classification. Subse-
quently, we train multiple Graph Neural Network (GNN)
architectures with LOUPE, namely DGCNN [41], GAT [42],
GIN [43], and GINE [26].

Detailed results are presented in TABLE I. We perform
model selection on a 10% validation split, primarily optimizing
the F2 score due to the critical impact of missed unrolling. We
also consider the F1 score for balancing precision and recall,
while balanced accuracy (B-ACC) addresses class imbalance.
We report precision and recall (P/R) scores as well. All results
are based on the 10% held-out test set.

GNN models consistently outperform all baselines on
ANGHABENCH and demonstrate scalability on OSCS, where
all models trained with LOUPE outscore the SVM trained on
handcrafted features provided by SPARROW. Notably, GINE
outperformes the best-performing baseline, a transformer-
based CodeLLM (i.e., GRAPHCODEBERT) on both datasets.
For reference, on balanced data, GINE achieved F2 and F1
scores exceeding 80%. These improvements can be attributed
to the end-to-end nature of the LOUPE approach and the
enhanced ability of graph-based models to capture complex
code semantics and logical structures. In contrast to hand-
crafted feature-based methods, which often struggle with se-
mantic ambiguity and representation collisions, LOUPE-trained
models—including XGBOOST with IR2VEC—showed less
performance degradation on the real-world OSCS benchmark.
This robustness likely stems from the larger vector space
and end-to-end training, which allow vectorization to adapt
dynamically without hardcoded constraints.

Answer to RQ1:
LOUPE demonstrates its effectiveness in producing efficient
heuristics, outperforming feature engineering-based methods
by over 25% in F2 score and scaling to real-world datasets.
GINE consistently outperforms all baseline models, across
both the ANGHABENCH dataset test split and OSCS, vali-
dating the effectiveness of our end-to-end approach.

C. RQ2 Performance: Precision vs. Analysis Time

To evaluate the impact on FRAMA-C/EVA, we conduct a
performance study using the OSCS benchmark. The evalua-
tion compares the best learned heuristic (GINE) against three
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TABLE II: Experimental results in terms of RQ2 and RQ3

Project FRAMA-C (RQ2) MOPSA (RQ3)

Name LOC #Loops ⊥ ⊤ Alu-100 LOUPE (GINE) ⊥ ⊤ LOUPE (GINE)

# Time # Time # Time # Time Alignment # Time # Time FRAMA-C # Time MOPSA # Time

ioccc 5241 236 81 114.25 77 675.94 80 110.20 78* 127.56 398 5.75 337 1877.12 386 338.83 383 489.98
mini-gmp 11776 257 64 1.88 64 TO 64 2.02 64* 1.45
genann 1186 82 235 3.38 136 58.76 232 4.18 169* 4.80
papabench 12250 28 40 5.15 40 54.92 40 5.15 40* 3.68 1/1
chrony 39533 200 TO TO TO TO 27/38 15 1.60 15 1.82 15 7.90 15 1.67
kgflags 1478 34 4 4.69 4 976.12 4 4.80 4* 102.05 5700 20.59 5700 58.65 5700 47.02 5700 43.74
libspng 4478 1 237 11.17 233 44.59 237 11.58 237* 8.43
gnugo 3529 148 114 21.84 114 TO 114 TO 100* 27.22 4/4
debie1 14210 4 31 39.54 9 1158.30 20 81.53 11* 110.77 5/6 3 0.04 3 0.14 3 0.03 3 0.04
basic-cwe-examples 417 9 1 1.62 1 1.17 1 1.69 1* 0.70 42 1.18 40 2.22 40 1.00 40 1.00
jsmn 1016 15 68 20.83 2 12.54 68 21.14 2* 66.35 64 0.36 61 1.12 64 0.25 64 0.24
microstrain 42549 201 1287 36.51 1287 TO 699 25.61 700 19.35
bench-moerman2018 22292 134 3 39.29 3 28.88 3 41.49 3* 34.74 392 21.32 213 18.04 249 16.21 245 15.98
khash 650 6 1 0.13 0 0.05 1 0.12 1* 0.03 1/1 19 0.34 19 TO 19 0.26 19 0.25
c-testsuite 6149 65 0 34.32 0 TO 0 TO 0* 23.49 156 2.58 65 432.85 117 3.22 112 3.26
icpc 1302 2 1 3.17 1 7.72 1 3.10 1* 2.30 1 0.25 1 0.51 1 0.18 1 0.51
solitaire 338 24 182 2.31 182 TO 173 4.17 173* 18.46 6/6 729 1.03 729 TO 692 194.98 692 567.24
line-following-robot 6793 16 2 0.94 2 4.22 2 0.94 2* 0.64
safestringlib 29271 479 987 39.94 987 TO 845 69.19 453* 267.48
stmr 781 6 67 5.21 67 602.19 67 5.38 67* 4.94 55 0.42 55 46.74 55 0.32 55 0.35
powerwindow 5438 4 1 18.18 1 67.33 1 18.17 1* 14.27
tweetnacl-usable 1204 98 99 3.26 3 26.32 4 25.54 56 4.96 2/2 11 0.28 11 0.62 11 0.26 11 0.21
qlz 1191 11 26 11.13 26 TO 26 39.02 26* 130.15
2048 440 26 30 0.99 10 55.19 13 4.54 12* 1.18 5/5 142 3.68 68 9.16 106 3.78 68 8.76
hiredis 9682 31 248 110.69 210 244.97 224 101.75 241 92.39
verisec 22090 485 1113 11.52 793 68.55 974 11.18 853 39.25
c-utils 9371 202 380 2.87 375 33.26 377 17.79 375 22.00

Total** 3809 3230.488 3459 28319,22 2919 8681,39 2442* 3766,84 51/63 (81%) 9220 73.88 8485 7950.86 8809 636.93 8636 1194.5

Bold values: Best performing result w.r.t. metric, Underlined values: Better than ⊥, but worse than ⊤, TO: Timeout , #: Number of alarms.
*: LOUPE outperforms or matches Alu-100. Alignment: GINE predictions vs. expert annotations (missing values means expert annotations unavailable).
**:In aggregate results, timeouts are treated as follows: alarm counts considered as ⊥, and analysis time is considered of 2700s.
Empty sections: Technical failure occurred when applying the analyzer to these projects.

loop unrolling strategies: unrolling no loops (⊥), unrolling all
loops (⊤), and Alu with its default unrolling factor of 100.

As detailed in Table II, LOUPE (GINE) matches approx-
imately 67% of the alarms reduced by ⊤, while achieving
substantial speedup on projects where full unrolling did not
exceed the 2700-seconds timeout threshold. Moreover, it sig-
nificantly reduces alarms on projects where ⊤ exceeds the
timeout, highlighting the importance of balancing analysis
time and precision, and demonstrating its effectiveness. For
projects with numerous loops, where unrolling all loops results
in unacceptable analysis times, LOUPE (GINE) efficiently
enables selective unrolling by leveraging the code’s charac-
teristics to guide its decisions. In total, when applied, LOUPE
(GINE) succeeds in reducing around 35% of alarms compared
to ⊥ while maintaining acceptable analysis time.

When compared to expert annotations in OSCS, LOUPE
(GINE) aligns with 51 out of 63 manually labeled unrolling
decisions (81%), validating its accuracy and practicality.

We also compare LOUPE (GINE) and Alu under multiple
loop unrolling factors, revealing distinct behaviors as shown
in Fig.4. For Alu, smaller factors (i.e., 10, 20, 50) produce
similar alarm counts, indicating limited unrolling activity.

The moderate factor (i.e., 100) achieves some alarm re-
duction, while larger factors (i.e., 500, 1000, 5000) reduce
alarms further but cause dramatically increased analysis times,
as the unrolling decisions depend on the factor value. In
contrast, LOUPE (GINE) demonstrates consistent efficiency
across all factor values, maintaining low alarm counts and
stable, efficient analysis times. The learned model effectively
selects loops whose unrolling significantly benefits verification
while bypassing those with minimal impact but high compu-
tational cost. Fig. 4 shows that LOUPE (GINE) with a factor
of 100 (the FRAMA-C/EVA default) achieves superior alarm

Fig. 4: Trade-off between analysis time and alarm count when
using LOUPE (GINE) and Alu with varying unrolling factors.

reduction and acceptable analysis time, outperforming built-in
Alu heuristic, even across larger factors. Results include only
projects where all configurations complete analysis, as large
factors frequently cause Alu to timeout.

To evaluate the consistency of the proposed approach across
FRAMA-C/EVA’s abstract domains, we consider five projects
from OSCS where experts have enabled one or more ab-
stract domains. We conduct such analyses using ⊥, Alu, and
LOUPE (GINE)—both with loop unrolling factor of 100—
across the four most impactful abstract domains (cvalue
[47], equality [28], multidim [48], octagon [49]) and
their combinations. As shown in Fig. 5, alarm reduction trends
are consistent across different domain configurations, with
LOUPE (GINE) outperforming Alu consistently. The absence
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Fig. 5: Total alarm count across FRAMA-C/EVA’s abstract domains (and their combinations).

of anomalies confirms the robustness and scalability of our
approach across varied abstract domain settings.

Answer to RQ2:
LOUPE (GINE) reduces alarms by up to 35% w.r.t. ⊥, it
is faster than ⊤, and more reliable under timeouts. LOUPE
(GINE) outperformes the FRAMA-C/EVA built-in heuris-
tic -eva-auto-loop-unroll across unrolling factors,
balancing precision and analysis time. Additionally, LOUPE
(GINE) predictions match over 81% of the FRAMA-C
expert annotations in OSCS and showed consistent alarm
reduction across abstract domain combinations.

D. RQ3 Generality: Scalability and Transferability

A potential threat to the validity of our approach is its
reliance on FRAMA-C/EVA, which may limit generalizability
to other static analysis frameworks. To mitigate this, we
extended our evaluation to include MOPSA [4] (cf. TABLE II).

We perform two complementary evaluations. First, we
test the transferability of the learned heuristic by applying
the GINE model trained on FRAMA-C/EVA data to guide
loop unrolling decisions in MOPSA. Second, we fully inte-
grate MOPSA into LOUPE by adapting the differential anal-
ysis phase to support MOPSA as the underlying analyzer.
This adaptation leverages the MOPSA command-line option
-loop-unrolling-at, which allows specifying loop un-
rolling at precise source lines—mirroring the mechanism used
in FRAMA-C/EVA via code annotations.

In our experiments, the transferred GINE model already
yields performance improvements when used with MOPSA,
reducing ⊥ alarms on OSCS. However, the best results are ob-
tained when retraining a GINE model using a ANGHABENCH
dataset labeled through MOPSA-based differential analysis.
This MOPSA-specific model matches 75% of the alarms re-
duced by ⊤, while achieving over 6.5x speedup.

Answer to RQ3:
The GINE model trained on FRAMA-C/EVA data exhibits
good transferability to MOPSA, improving over ⊥ on OSCS,
even without retraining. LOUPE generalizes to MOPSA with
minimal modifications—specifically, adapting the differen-
tial analysis phase via the -loop-unrolling-at option.
When retrained on MOPSA-labeled data, the resulting GINE
model achieves superior performance, matching 75% of the
alarms reduced by ⊤ while delivering over 6.5x speedup.

VII. DISCUSSION

Data Imbalance: While conventional methodologies typ-
ically employ balanced datasets for training and evaluation,
their performance significantly declines (approximately 73%
reduction) in real-world imbalanced scenarios [23], [50].
LOUPE models trained on naturally imbalanced distributions
that mirror real-world conditions maintain robust performance,
with P/R, F1 and F2 over 80% on balanced datasets.

Data Extraction Overhead: Since our approach requires
parsing and extracting CPG graphs, a natural question arises
regarding whether their computational overhead reduces its
overall efficiency. For the entire OSCS benchmark, slicing re-
quires 287s while graph embeddings construction takes 2,322s,
yielding a total runtime (including analysis) of 6,375.84s—
still outperforming ⊤ by 4.44x and Alu-100 by 1.36x. Note
that these preprocessing steps may be further optimized—e.g.,
by parallelizing per-loop slicing and embeddings construction,
or using coarser but cheaper slicing. To evaluate this further,
we conduct a comparative study measuring the setup time of
LOUPE (GINE) to an iterative process that unrolls loops one-
by-one to assess their individual impact on alarms. LOUPE
(GINE) is 137.81x faster than the iterative approach—even
on a simple project like solitaire with only 24 loops.

Loop Unrolling Factor: Loop unrolling factors play a
critical role in compilers. Accurately predicting these factors
is essential due to the inherent difficulty of estimating them
and their significant impact on performance [51]. While static
analyzers have achieved notable success in approximating
loop bounds [52], and as discussed in Section II-B, loop
annotations do not require specifying the exact number of
iterations. Consequently, the primary challenge shifts to pre-
dicting whether unrolling is necessary. Excessive unrolling
can degrade performance; therefore, correctly determining the
need for unrolling remains crucial.

To further investigate this, we use FRAMA-C/EVA statistics
to extract the actual distribution of loop unrolling factors
needed in the ANGHABENCH dataset, setting Alu with an
unrolling factor of 10,000. Increasing the factor did not yield
better outcomes past this point. Unlike other domains where
unrolling factors typically range from 1 to 8 [51], our findings
reveal that, in this setting, unrolling factors can assume a wide
range of values as shown in Fig. 6. Given the efficiency of
algorithmically handling unrolling factors and the challenge
of predicting them via learned models due to data imbalance,
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Fig. 6: Distribution of loop unrolling factors in ANGHABENCH.

this work focuses on binary classification. As shown in Fig. 4,
the chosen factor does not significantly impact performance.

Multi-loop Slices: Challenges such as parsing complexity
and reliance on labeled data have been mitigated through
techniques like slicing and differential analysis. These strate-
gies inadvertently reduce context-sensitivity. A key limitation
arises with nested loops, where interdependencies can lead to
identical slices—problematic when one loop requires unrolling
and the other does not. We leave this issue for future work.

VIII. RELATED WORK

Data-driven Static Analysis: Our work contributes to
data-driven static analysis, where machine learning is used to
automatically derive effective heuristics for program analysis
parametrization [12]–[16]. These works optimize adaptive
static analysis [17] via Bayesian optimization [12], decision-
tree inference [13], logistic regression [14], SVMs [15], and
boolean formula learning [16]. They all rely on handcrafted
features, whereas we adopt end-to-end learning.

Efforts toward automatic feature generation remain lim-
ited in scope. Some focus exclusively on Java context-
sensitivity [18] or rely on third-party tools such as C-REDUCE
to extract features as program components [19]. The latter
approach is not applicable to non-C languages and requires
manually-crafted oracles to guide the reduction process. Addi-
tionally, it uses graph-matching algorithms for feature compar-
ison, which are prone to spurious matches. Our approach does
not suffer from such technical limitations and, in principle,
could be applied to different languages and analysis strategies.

Automatic Analysis Configuration: Recent research has
focused on finding the best analysis parametrization or ab-
stractions automatically [9]–[11], [17], [53], [54], using a
range of refinement techniques, such as local search [9], [10],
probabilistic learning [11], [53], and counterexample-guided
methods [54]. Our approach does not perform per-program
parametrization tuning, rather it learns a loop unrolling heuris-
tic from codebases to apply on relevant program components.

Program Embeddings: Embeddings are dense vectors
that encode semantic structure, allowing models to detect
patterns via similarity. Literature on program embeddings is
extensive [35], [55]–[57]. Our baseline relies on the IR2VEC
embeddings [35], which outperforms syntax tree-based meth-
ods [55] by incorporating control- and data-flow information,
and avoids the runtime overhead of execution-trace-based

approaches [56], [57]. Recent work employs LLMs, treating
code as token sequences [39], [40], and GNNs, which generate
embeddings from program graphs to capture structural and
semantic dependencies [22]–[24]. Our work empirically com-
pares these techniques for learning static analysis heuristics.

ML in Compiler Optimizations: Loop unrolling is a clas-
sic compiler optimization that reduces branching and enables
further optimizations like instruction-level parallelism. Ma-
chine learning has been used to predict unroll factors [51], [58]
and identify parallelizable loops [59], [60]. These techniques
are not directly applicable to our setting. Unlike compilers,
for which a small set of unroll factors suffices (e.g. 1–15),
abstract interpretation admits a much wider and more scattered
value range (cf. Fig. 6), making a multiclass classification task
substantially more complex. More broadly, there is a growing
interest in augmenting traditional compiler optimizations with
machine-learned heuristics [22], [61]–[63].

IX. CONCLUSION

We have presented LOUPE, a novel end-to-end approach to
automatically learn heuristics for loop unrolling parametriza-
tion in abstract interpretation-based static analysis. The learned
heuristic outperforms the FRAMA-C/EVA built-in loop un-
rolling strategy, reducing false alarms by 1.5x while improving
analysis performance by more than 56%, and accurately pre-
dicting expert annotations in OSCS projects.

Future work will extend the proposed methodology to
different analysis strategies while investigating the design of
tailored GNN architectures for code analysis.
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