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Abstract. Many formal verification and software testing techniques rely
on repOK routines to verify the consistency and validity of software
components with complex data representations. For a given class under
analysis, a repOK encodes its so-called class invariant, i.e., the state
properties required on an instance for it to be considered a valid object
of the class. While repOK routines can enable early error detection and
simplify debugging, writing correct and complete repOKs can be chal-
lenging, even for advanced Large Language Models (LLMs). This paper
explores the effectiveness of search-based techniques to automatically
generate class invariants in the form of imperative repOKs.

We perform an evaluation using EXPRESS, a recent simulated annealing-
based framework that automatically generates repOKs, on a set of 7
Java classes from widely-used libraries, and show that the framework
can generate correct repOKs for all cases, ensuring no valid instances are
erroneously discarded. Furthermore, EXPRESS produces complete repOKs
in 3 out of 7 cases. Combining EXPRESS with an LLM further enhances
effectiveness, generating correct and complete repOK routines for 5 out of
7 subjects. In addition, EXPRESS yields more complete invariants (i.e., it
generates stronger properties) than the best related approach in 5 out of
7 cases. These results highlight the potential of search-based techniques
for automating consistency checks in software systems, bridging gaps in
current manual and automated software analyses.

1 Introduction

Software reliability is a core aspect of software quality, and a primary concern in
software engineering [19]. Advances in automated program analysis have enabled
the efficient creation of extensive program input sets as well as the examination
of large-scale program executions [7,33,15,35], facilitating automated reliabil-
ity analyses. However, determining whether automatically generated executions
exhibit correct behavior or uncover defects requires a formal specification of the
program’s intended behavior. This challenge, commonly referred to as the oracle
problem [5], remains a significant problem in software testing.
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In object-oriented design, where the software is organized into classes, in-
tended behavior can be specified through constructs such as preconditions, post-
conditions, and class invariants [25,22]. Class invariants are particularly impor-
tant because they define constraints on the state of a class’s objects that must
hold true throughout the object’s lifecycle. For instance, a class invariant might
specify that a list-based object representation does not contain duplicate ele-
ments, or that a queue’s maximum capacity must not be exceeded. Class invari-
ants can be captured by so-called repOK routines, methods that check whether
receiver objects satisfy their corresponding class invariants [22]. These routines
can be used to check the internal consistency of objects during testing, debugging
and run-time monitoring, and have proved to be very valuable for test gener-
ation [11,7,3, 23], bug detection [33,21], and verification [21,16,17,12], among
other tasks. Despite their usefulness and effectiveness for automated analysis,
formal class invariant specification is complex, and thus class invariants are of-
ten only informally specified as ambiguous natural language comments, limiting
practical utility for automated analysis.

To address this gap, various techniques have been proposed to automatically
infer specifications, including class invariants [14, 6, 28, 38, 30, 40, 4, 27, 18, 13, 26,
24,9]. Most of these are symbolic approaches, in the sense that they infer the
invariants using a pre-defined set of rules and patterns. Daikon [14], the most
prominent tool for dynamic invariant detection, leverages program executions to
infer invariants from predefined templates. However, Daikon’s template-based
approach limits expressiveness, prompting the development of more sophisti-
cated tools such as SpecFuzzer [27], Deryaft [24] and Express [9]. While these
tools represent significant progress, the inferred invariants often fall short in
practical applicability. For instance, Daikon [14] and SpecFuzzer [27] output in-
variants as assertion expressions, that are either limited in expressiveness or
require some effort to make them executable and integrated into the codebase.
Deryaft [24] generates executable repOK routines directly, but their invariants
are often incomplete, lacking the expressiveness needed for real-world applica-
tions. These limitations motivated the development of EXPRESS [9], a novel
framework that leverages simulated annealing to automatically generate class
invariants in the form of imperative repOK routines. Given a target class and
its accompanying test suite, the main goal of EXPRESS is to infer a repOK that
is correct with respect to the test suite, meaning it does not discard any valid
instance created during test execution, and that is complete, discarding as many
invalid instances as possible. Despite its promising direction, EXPRESS has not
been evaluated on real-world subjects, and its performance compared to existing
techniques remains unknown.

At the same time, neural approaches, based on deep learning methods, have
been less explored to infer class invariants, with only machine learning tech-
niques being used to train binary classifiers to behave as class invariants [28, 39],
but not to produce executable code. Recently, more advanced neural techniques,
based on state-of-the-art Large Language Models (LLMs) have been success-
fully applied to derive other kind of specifications [31, 13,29, 36]. For instance,
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nlp2postcondition [13] generates postcondition assertions by using a zero-shot
prompt template to instruct chat-based LLMs (such as GPT-4 [32]). Tratto [31]
implements a neuro-symbolic approach to derive axiomatic test oracles, lever-
aging large code models (such as Code Llama [37]), to produce oracles in a
token-by-token fashion. These advances suggest that LLM-based neural tech-
niques, including neuro-symbolic approaches that combine LLMs with symbolic
reasoning, can be effective in inferring class invariants as well. To the best of our
knowledge, no such techniques have been proposed yet.

In this paper, we aim to study the effectiveness of search-based methods to
automatically infer class invariants in the form of imperative repOK routines,
and how it compares with other symbolic and neural approaches. Concretely, we
evaluate EXPRESS, a simulated annealing-based framework that automatically
generates repOK methods, on a set of 7 Java classes from widely-used libraries,
to understand how correct and complete the generated repOK routines are. More
precisely, we compare EXPRESS with Daikon, a well-known symbolic invariant
inference tool, and with GPT-4, a state-of-the-art neural approach.

Our results show that EXPRESS can generate correct repOK routines for all
the analyzed subjects, while producing complete repOK routines for 3 subjects,
outperforming related techniques. Moreover, we show that invariants produced
by LLM-based neural approaches can complement invariants generated by EX-
PRESS, producing correct and complete repOK routines for 5 subjects. This pro-
vides initial evidence that hybrid approaches combining search-based symbolic
techniques and neural methods can improve class invariant inference.

2 Background

2.1 Class Invariants and repOK Routines

Class invariants are formal conditions that must hold true for an object
for it to be considered valid, serving as a foundation for reasoning about the
correctness of a class’s implementation and playing a critical role in automated
analyses such as testing, debugging, and verification.

As an example, consider the LinkedList class in Figure 1, a simplified ver-
sion of the implementation in the java.util package. This class represents se-
quences of elements using a doubly-linked list, with two primary fields: header,
pointing to the first element, and size, storing the number of elements. Each
list element is represented by an Entry object, containing the fields element,
next, and previous. From the fields alone, the developer’s intent regarding the
data structure’s constraints may not be immediately clear. However, such intent
can often be inferred from the behavior of the class’s methods. If the program-
mer intended the list to be cyclic, the class invariant must ensure that the list
forms a closed loop (the next and previous pointers are consistent). Figure 1
demonstrates how such a circularity check can be implemented as a repOK.

In this paper, we study the challenge of automatically generating class invari-
ants for Java classes, expressed as imperative routines. We study the generation
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public class Entry {
private Entry next, previous;
private Object element;

}

public class LinkedList {
private Entry header;
private int size;

public boolean repOK() { return isCircular() && isSizeOk(); }

public boolean isCircular() {
Set<Entry> visited = new HashSet<Entry>(Q);
if (header == null) return false;
visited.add(header);
Entry current = header;
while (true) {
Entry next = current.next;
if (next == null) return false;
if (next.previous != current) return false;
current = next;
if (!lvisited.add(next)) break;
}
if (current != header) return false;
return true;

Fig. 1. LinkedList class declaration and its class invariant.

of correct and complete, executable invariants, which can enhance automated
analyses, and enable robust and scalable reliability assessments.

2.2 Simulated Annealing

EXPRESS, the search-based tool we consider in this paper, is based on simulated

annealing [20]. Simulated annealing is a probabilistic optimization algorithm that

explores a search space by iteratively mutating candidate solutions and evaluat-

ing them based on an objective function. The algorithm begins with a random

feasible solution and generates new candidates by applying small modifications.

A candidate solution is accepted based on the following criteria:

— Improvement in the objective function: If the new solution improves the
objective function value, it is always accepted.

— Acceptance of worse solutions: To escape local minima, worse solutions
are also accepted, with the acceptance probability given by:

P(accept) = exp (—Af/T),

where Af = feandidate — feurrent T€presents the change in the objective function
value, and T is the temperature, a control parameter that determines the
likelihood of accepting worse solutions.
The temperature follows a predefined cooling schedule (e.g., linear decay), grad-
ually reducing T over time. As T decreases, the algorithm shifts from exploration
to refinement, focusing on optimizing the best solutions found so far.



Search-based Inference of Class Invariants 5

3 Evaluating Simulated Annealing for Class Invariant
Inference

To assess search-based inference of class invariants, and compare it with other
approaches, we perform an empirical evaluation using EXPRESS as a representa-
tive search-based technique for class invariant inference. We conduct a series of
experiments focused on the following research questions:

RQ1 How effective is search-based class invariant inference?
RQ2 How does search-based class invariant inference compare with related ap-
proaches?

RQ1 analyzes the effectiveness of a search-based technique — EXPRESS — to
generate class invariants for a set of Java classes, while RQ2 compares search-
based class invariant inference with two related approaches: Daikon [14], a well-
established and widely used dynamic invariant detection tool, and OpenAl’s
GPT-4 [32], a state-of-the-art LLM. A replication package for all the experi-
ments in the paper and additional experimental data can be found in [2].

3.1 Experimental Setup

Subjects. We analyze seven Java classes with diverse class invariants for which
ground truth invariants are already known [8]. These classes are: LinkedList,
HashMap, and TreeMap from the java.util package of the Java Standard Li-
brary; NodeCachingLinkedList (NCLL), a specialized linked list implementa-
tion from Apache Commons Collections; and classes AvlTree, BinomialHeap,
and Schedule, used in prior research on automated verification [10, 8].

Approaches. We consider three approaches for class invariant inference:

— EXPRESS: The simulated annealing based approach, representative of search-
based inference. To run EXPRESS, we first generate a diverse set of valid
instances, using EvoSuite [15], a state-of-the-art test generation tool that pro-
duces test suites optimized for code coverage. Since EvoSuite generates mini-
mal test suites, we manually added an average of 12 additional test cases per
class to increase instance diversity. EXPRESS executes these tests and collects
the generated instances as the set of valid states, which are then mutated to
produce invalid instances. EXPRESS then runs its search process to generate
a repOK that classifies the instances. The parameter values for EXPRESS, in-
cluding the initial temperature, cooling schedule, and number of mutations
for generating invalid instances, were selected by experimenting with different
configurations, and selecting the best-performing one: 15.0 as initial temper-
ature, an exponential cooling schedule with a cooling rate of 0.005, and 9
mutations per valid instance to generate invalid ones.

— Daikon: A well-known dynamic invariant detection tool that infers invariants
from a set of test cases. To ensure a fair comparison, we execute Daikon
from exactly the same test suite used for EXPRESS. Since Daikon expresses
invariants in a textual format, we manually converted them into imperative
repOKs for direct evaluation.
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Table 1. Effectiveness of EXPRESS to generate class invariants.

Subject Input Instances Effectiveness

#£Valid #Invalid| TP TN FP FN Prec.(%) Rec.(%) Acc.(%)
TreeMap 4880 1655572 4880 1651219 4353 0 52.9 100 99.7
Schedule 89958 333585| 89958 333249 336 0 99.6 100 99.9
HashMap 22136 177371936 22136 174083876 3288060 O 0.7 100 98.1
LinkedList 9 231 9 231 0o 0 100 100 100
AvlTree 2698 616347 2698 613236 3111 0 46.4 100 99.5
BinomialHeap 1749224 920023|1749224 717737 202286 O 89.6 100 92.4
NCLL 660 1309 660 1309 0o 0 100 100 100

— GPT-4: A state-of-the-art LLM, used as a representative of neural approaches
for class invariant inference. We use GPT-4 through ChatGPT [1], OpenAl’s
web interface, using a zero-shot prompting approach, and providing the model
with the complete implementation of the target class, including comments. We
query the model once per subject and use its output without further modifi-
cations, as it consistently produces repOK routines. While more sophisticated
prompting techniques could be explored, this is beyond the scope of this work.
The prompt we use is available on the paper’s website [2].

Metrics. To evaluate the approaches, we compare the inferred invariants against
ground truth invariants using Korat [7], a bounded exhaustive input generation
tool. Given a class and its ground truth invariant, we collect all valid and invalid
instances explored by Korat within a scope of 9, except for HashMap, where we
use a scope of 3 due to the large number of generated instances.

We assess each inferred repOK using standard classification metrics, based on
the following cases. True Positive (TP): A valid instance correctly classified as
valid (repOK returns true). False Positive (FP): An invalid instance incorrectly
classified as valid. True Negative (TN): An invalid instance correctly classified as
invalid (repOK returns false). False Negative (FN): A valid instance incorrectly
classified as invalid. From these values, we compute Precision, Recall and Accu-
racy as follows: Precision, computed as Precision=TP/(TP+FP), measures the
proportion of all instances predicted as valid that are actually valid. That is, the
higher the precision of the inferred invariants, the more complete they are (fewer
FPs). Recall, computed as Recall=TP/(TP+FN), measures the proportion of
all valid instances that were correctly predicted as valid. That is, the higher the
recall of the inferred invariants, the more correct they are (less FNs). Finally,
accuracy, computed as Accuracy=(TP+TN)/(TP+TN+FP+FN), measures the
proportion of all instances that are correctly classified.

3.2 Effectiveness of Search-based Class Invariant Inference (RQ1)

Table 1 summarizes the results of the effectiveness of the search-based class in-
variant inference performed by EXPRESS. For each subject, we report the number
of valid and invalid instances generated from the ground truth (using Korat).
We also report the number of true positives (TP), true negatives (TN), false
positives (FP), and false negatives (FN), and the precision, recall, and accuracy
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of the inferred invariants. Remarkably, EXPRESS produces no false negatives for
all subjects, indicating that the inferred class invariants never reject valid in-
stances. Hence, EXPRESS achieves perfect recall in all subjects. In other words,
all properties included in the repOKs generated by EXPRESS are correct. This
is an important feature of the approach, since it means that the user does not
have to debug and manually fix incorrect properties in the inferred repOKs. No-
tice that, this can be attributed to the design of EXPRESS’s simulated annealing
algorithm, which aims to prioritize the avoidance of false negatives.

Precision, however, is affected by false positives: invalid instances that are in-
correctly accepted by the inferred invariants. Less than 100% precision indicates
that some properties of the class’s representation invariant remain unlearned.
This is expected, as the search space for invariants is vast, and certain proper-
ties are difficult to discover without improving EXPRESS’s search process.

EXPRESS achieves over 89% precision in 4 out of 7 classes, with perfect pre-
cision in the LinkedList and NCLL subjects. The low precision observed for
HashMap is not a reflection of poor performance by EXPRESS; instead, it is due
to the significant imbalance between valid instances and invalid instances, in
the space of instances generated by Korat for HashMap. However, as we show in
the next section, where we analyze the properties of the ground truth invariants
that each tool learns in our case studies, EXPRESS learns most of the expected
properties, even for the HashMap subject.

To conclude, it is important to mention that the average runtime for generat-
ing invariants using EXPRESS was 13 minutes. In the worst case, EXPRESS took
25 minutes. We believe the running times are reasonable for the task of learning
high quality (i.e., sound and reasonably complete) representation invariants. The
running times for all case studies are reported in the paper’s website [2].

3.3 Search-based Class Invariant Inference Compared with Related
Techniques (RQ2)

The results of the comparison between EXPRESS, Daikon and ChatGPT are
summarized in Table 2. Among the three approaches, Daikon produces the most
imprecise class invariants. While it achieves perfect recall for four subjects, it
has a very low precision, ranging from 0.5% to 39.4% in 6 out of 7 cases. In other
words, Daikon is not capable of learning most of the properties of the repOKs
in our ground truth, making it the least effective approach. Moreover, there was
no class for which Daikon inferred a correct and complete class invariant.
GPT-4 achieves good results, generating sound and complete invariants in 2
subjects, AvlTree and TreeMap. It produces class invariants with a perfect recall
in 5 out of 7 subjects. However, as expected, GPT-4 generates repOK methods
with errors, in particular issues that cause the execution of repOK to get stuck
in infinite loops while traversing the object state. This happened for two classes,
BinomialHeap and NCLL. In these cases, the invariants are not useful without
manual fixes from the developer, or further processing to remove the errors. In
summary, EXPRESS outperforms GPT-4, as it generates better invariants in 5
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Table 2. Comparison of EXPRESS with Daikon and ChatGPT.

Subject Approach Performance
Precision (%) Recall (%) Accuracy (%)
LinkedList
LinkedList Daikon 10.0 100 66.2
ChatGPT 90.0 100 99.6
EXPRESS 100 100 100
ExPRESS+ChatGPT 100 100 100
NodeCachingLinkedList
NCLL Daikon 39.4 100 48.5
ChatGPT - - -
EXPRESS 100 100 100
ExPRESS+ChatGPT 100 100 100
AvlTree
AvlTree Daikon 1.2 100 63.3
ChatGPT 100 100 100
EXPRESS 46.4 100 99.5
ExPRESS+ChatGPT 100 100 100
Schedule
Schedule Daikon 23.4 73.0 43.6
ChatGPT 23.7 100 31.6
EXPRESS 99.6 100 99.9
EXPRESS+ChatGPT 100 100 100
TreeMap
TreeMap Daikon 0.9 100 65.8
ChatGPT 100 100 100
EXPRESS 52.9 100 99.7
EXPRESS+ChatGPT 100 100 100
HashMap
HashMap Daikon 0.5 80.9 98.0
ChatGPT 0.4 100 96.5
EXPRESS 0.7 100 98.1
ExpPrESs+ChatGPT 0.7 100 98.1
BinomialHeap
BinomialHeap Daikon 74.9 99.8 77.9
ChatGPT - - -
EXPRESS 89.6 100 92.4
ExXPRESS+ChatGPT 89.6 100 92.4

out of 7 cases (including two cases where GPT-4 generates completely unsound
invariants), whereas GPT-4 generates better invariants in 2 cases.

Express+GPT-4. This technique combines the invariants generated by
GPT-4 and EXPRESS. It operates by first invoking the repOK of EXPRESS to
check if the structure is valid. If EXPRESS identifies a violation of the invari-
ant, false is returned. Otherwise, the result of the repOK generated by GPT-4
is returned. This approach leads to improvements in three subjects, AvlTree,
Schedule, and TreeMap, where the precision of the combined invariants reaches
100%. This suggests that the invariants generated by GPT-4 can in fact com-
plement the ones inferred by EXPRESS, and represents a promising direction
for future research, where hybrid approaches can be developed to combine the
strengths of search-based techniques and LLMs.

Analysis of the Inferred Invariants. To better assess invariant quality, we
manually analyzed the inferred invariants in terms of the properties they express
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Table 3. Properties inferred by each approach.

Subject Expected Property ‘Daikon ChatGPT Express Express+GPT
Treemap Is acyclic binary tree X v v v
Parent of root is null v v v v
Parent references match X v v v
Size is consistent X v v v
Balanced tree X v X v
Sorted keys X v ~ v
AvlTree Is acyclic binary tree X v v v
Size is consistent X v v '
Sorted keys X v ~ v
Balanced tree X v X v
Height fields are correct X v ~ v
LinkedList Header # null v v v v
Previous and next match X ~ v v
List is circular DLL. X v v v
Size is consistent X v v v
NCLL Header # null v v v v
Header is circular DLL. X X v v
Size is consistent X v v v
Cache is acyclic X X v v
Size of cache is consistent X v v v
No node sharing X X v v
HashMap Buckets are acyclic X v v v
Buckets don’t share nodes X ~ v v
Size is consistent X v v v
Size < threshold X v v v
Keys and hashes match v v v
Keys are in correct bucket X X X X
No repeated keys X v v v
Schedule PO = null v X v v
P1, p2, p3, blockqueue # null X X v v
Queues do not share jobs X v v v
Queues have no aliasing X X v v
Queues are acyclic DLL X v v v
Job.priority matches queue X v X v
Job.val are unique X X v v
Job.val > 0 X X v v
CurProc is in queues X v v v
Job.priority > 0 X v v
Job.priority < MAXPRIO X ~ v v
NumProc is consistent X X v v
List.mem_count is consistent X v v v
NumProc < allocProcNum X v v v
BinomialHeap Is acyclic binary tree X ~ v v
Parent of root points to null v X v v
Parent references match X v v v
Size is consistent X v v v
Sorted keys X X v v
Is Binomial Heap X ~ ~ ~
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with respect to the properties in the ground truth (i.e., the expected properties
in the real representation invariant). Table 3 summarizes the results. For each
class, we manually analyzed the ground truth to extract the expected proper-
ties (Expected Property column), and analyzed whether the inferred invariants
expressed such properties. We identified a total of 48 expected properties.

Daikon infers about one expected property for most of the classes, and these
are properties typically related to checking for null values. This explains the
very low precision exhibited by Daikon, and indicates that the predefined set
of templates used by Daikon is not rich enough for it to find many important
properties of complex representation invariants.

GPT-4 is able to infer many of the expected properties, inferring all of them
for AvlTree and TreeMap. In the remaining subjects, GPT-4 misses some of
the properties, which is also consistent with the precision results in Table 3. In
total, GPT-4 infers 30 out of the 48 expected properties. It is important to recall
that GPT-4 yields invariants with errors for BinomialHeap and NCLL, hence we
cannot consider that it learns any useful property in those cases.

Surprisingly, EXPRESS is able to infer a larger number of expected properties
compared to Daikon and GPT-4. It generates all the properties in two cases,
and most of the properties in the remaining ones. In total, EXPRESS generates
40 out of the 48 expected properties, which is a significant improvement over
the other approaches. Furthermore, the combined technique ExPrRESSH+GPT-4
is able to capture 46 out of the 48 expected properties. Some examples of the
properties that EXPRESS cannot infer are balance properties of tree structures
(TreeMap, AvlTree and BinomialHeap), and that the keys of TreeMap, AvlTree
must be stored in sorted order. These are complex properties that would require
the addition of more sophisticated mutators (and traversals) to EXPRESS’s algo-
rithm, and better mutation approaches for primitive-typed fields. These are all
interesting lines of research for future work.

Overall, these results show that EXPRESS outperforms the related approaches
Daikon and GPT-4 in terms of the number of (expected) properties inferred.
Taken together with the precision numbers from Table 3 we can conclude that
EXPRESS is the approach that learns the more complete invariants in this evalu-
ation. In addition, combining the invariants inferred by EXPRESS with GPT-4’s
invariants can lead to more complete sets of properties.

4 Threats to Validity

Threats to external validity may arise from our experimental evaluation, which is
focused on a limited number of classes, selected from previous work. Nevertheless,
we believe that these classes include invariants that are representative of various
types of properties, of varying complexity. As future work, we plan to extend
the evaluation to classes from open-source projects, to assess the effectiveness of
search-based techniques in more realistic settings. This will imply abandoning
the effectiveness assessments with respect to ground truths, due to the effort
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and expertise that would involve expressing target invariants for arbitrary open-
source projects.

5 Related Work

Several approaches have been proposed for inferring class invariants. Deryaft
infers representation invariants as imperative Java methods [24], similar to Ex-
PRESS. Like Daikon, Deryaft relies on a fixed set of predefined templates to
infer properties. However, this template-based approach limits its expressive-
ness, making it less practical for real-world applications. Additionally, since no
replication package is publicly available, we could not include it in our evaluation.

Molina et al. [28] propose a machine learning approach based on training
neural networks to classify valid and invalid instances based on test executions.
While effective, neural networks introduce interpretability challenges, making
debugging difficult. In our experiments, we use a state-of-the-art LLM as a rep-
resentative of neural approaches.

Rather than focusing on class invariants, other approaches focus on inferring
other properties, such as method postconditions. SpecFuzzer [27] uses grammar-
based fuzzing to generate postconditions. Similarly, EvoSpex [30] defines a classic
genetic algorithm for the same task. These approaches employ a declarative lan-
guage for expressing the assertions, namely a first order logic based language ex-
tended with reachability operators. Though these search-based techniques could
be adapted to learn representation invariants, they are not designed for this
purpose, and thus we did not include them in our evaluation. GAssert [38] is
another evolutionary approach for learning assertions, which focuses on rela-
tively simple logical and arithmetic constraints. It does not allow for quanti-
fied expressions and reachability operators, which are required to express many
of the properties of representation invariants. Precis [34] infers contracts (pre
and postconditions) for methods. Its target language consists of basic logical
and arithmetic operators (without quantification/reachability). Finally, Natural
language processing (NLP) has also been used to infer specifications from com-
ments. Jdoctor [6] extracts executable specifications for methods from Javadoc
comments. nlp2postcondition [13] use LLMs for this task. To the best of our
knowledge, LLMs have not been used to generate representation invariants.

6 Conclusion

We performed a comprehensive evaluation of EXPRESS, a recent search-based
approach for automatically inferring class invariants in the form of repOK meth-
ods. We compare EXPRESS with Daikon, a well-known approach for invariant
inference, and with GPT-4, a state-of-the-art large language model (LLM).
Our evaluation, based on a set of seven classes with known class invariants,
shows that EXPRESS is able to infer very precise invariants, achieving perfect
recall across all studied subjects, meaning that all valid instances are correctly
accepted. EXPRESS outperforms related techniques in most of our subjects in
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terms of precision and recall, being able to infer a larger number of properties
that are expected for the target classes, and that related techniques are not
able to infer. Finally, we show that combining EXPRESS’s invariants with LLM-
generated ones can lead to more robust and complete invariants, highlighting
the potential of hybrid approaches that integrate search-based techniques with
LLM-generated code. Overall, our results provide initial but strong evidence that
search-based techniques can produce highly reliable class invariants.
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