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Abstract
The role and impact of machine learning systems and models are growing in every economic and social sector. The
problem of guaranteeing the reliability and correctness of the underlying software therefore becomes increasingly
relevant. In this article we identify the elements that characterize these systems and that have a challenging impact
on the application of state-of-the-art verification techniques and we highlight the advantages and limitations of
a set of formal techniques that can be combined to achieve this goal. In principle, we advocate not only for a
deeper adoption of formal methods in the machine learning development and deployment, but also for a more
systematic and holistic approach.
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1. Introduction

The field of computer science has undergone a significant paradigm shift due to progress in Artificial
Intelligence (AI) and Machine Learning (ML). This evolution has led to the adoption of ML systems in
complex tasks such as natural language processing and image recognition. Their capacity to perform
well in tasks previously deemed impractical to solve has led to their adoption in various contexts,
including autonomous driving and healthcare, where failures could result in serious damage.

The adoption of these methods carries a risk associated with their safety, particularly in safety-critical
domains. To address this, various verification frameworks have been proposed to provide a systematic
approach to verifying the correctness and reliability of ML models, ensuring they are safe and effective
in practical applications. The verification of these systems would not only increase the confidence
and trustworthiness regarding their adoption but would also lower the risk of failures. However, the
current state-of-the-art for ML systems verification poses many challenges, which will be discussed in
the following sections of this paper.

This paper aims to highlight the challenges of verifying ML systems and models, covering a wide
range of challenges and providing research directions for both the ML and formal methods communities.
We advocate for a broader and more holistic application of verification techniques to offer formal
guarantees about properties related to various aspects of the models and systems, especially those
directly regarding human activities, decisions, and sensible information. We believe that a greater
effort is required from both academia and industry to achieve higher trustworthiness and reliability of
adopted models.

2. Background

In traditional software design, testing is a big component of the development pipeline and, although
necessary, it is not sufficient to guarantee the correctness of the product. Similarly, in ML, metrics
like accuracy, precision, and recall provide empirical measures of performance but do not offer formal
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guarantees or prove safety. Therefore, especially in safety-critical contexts, it is necessary to formally
verify that ML models comply with properties of interest, such as safety [1] (i.e., ensuring that predictions
do not violate specifications), robustness [2] (i.e., maintaining performance and correctness despite
variations, perturbations, or adversarial inputs) and fairness [3] (i.e., ensuring that predictions do not
depend on features that are considered sensible, with obvious ethical implications).

2.1. Verification

In machine learning verification systems, the property to verify is usually composed of a set of precon-
ditions and a set of postconditions, that namely represent a relation that should hold between the input
(preconditions) and the output (postconditions) of the model. Collectively, this set of preconditions and
postconditions is referred to as specifications. These properties usually transcend the architecture of
the model, which is later taken into consideration during the verification process, and simply describe
some characteristics that the model should (not) have.

Some properties that are subject to verification are

• Safety. Given a trained model, the resulting predictions are safe if they do not violate any
previously given specifications, often regarding safety-critical decisions. A case for the verification
of this property is reported in [1], on a Deep Neural Network (DNN) trained for the Airborne
Collision Avoidance Systems (ACAS) [4] task, for which a verification algorithm is adopted to
prove some safety specifications regarding the model predictions.

• Robustness. Robustness refers to the network’s ability to maintain its performance and correct-
ness in the face of variations, perturbations, or adversarial inputs. A robust neural network should
produce reliable and consistent predictions even when exposed to unexpected or challenging
conditions. This property is crucial for ensuring the trustworthiness and resilience of neural
networks in real-world applications and, in some scenarios, offers also interpretability perspec-
tives [5]. Informally, robustness guarantees that in classification tasks, for small perturbations
in the neighborhood of a given input, the output of the network should not change, resulting
in a different class. Many different approaches, like [6] and [7], have been proposed, making
robustness one of the most pervasive property in the verification area.

• Fairness. The notions of fairness can be different. In group fairness, a model is fair if different
values of a given feature, considered sensible, do not result in different predictions, meaning
that some sort of statistical parity exists for members of protected groups (i.e., the demographics
of the set of individuals receiving any classification are the same as the demographics of the
underlying population) [8]. Other types of fairness like individual fairness [8] can guarantee that
if two inputs (individuals) are similar, then the two outputs of the model must be similar too.
Both of these concepts are worth investigating, either because they may seem in conflict and
present trade-offs between the two of them, but also because they can be analyzed from different
perspectives, such as politics, justice, and philosophy, as shown in [9], making fairness not only
an interesting property but also an ethical hot-spot.

2.1.1. Methodologies

The strategies for machine learning verification can be categorized into two main types: complete and
incomplete.

Complete. Complete methods leverage techniques such as Satisfiability Modulo Theory (SMT)
[1, 10, 11] and Mixed Integer Linear Programming (MILP) [12, 13]. In the former, the verification is
defined as a Constraint Satisfaction Problem (CSP) in which both the network and the specification are
expressed as a set of constraints. The verification step is then applied to the network and the negation
of the specification, so that if the CSP is satisfiable, then the property does not hold and the solution is
a counter-example that violates the property itself; otherwise, if the CSP is unsatisfiable, then there
is no possible solution that violates the property and therefore, the property holds. In the latter, the



verification is expressed as a MILP problem usually solved via Branch-and-Bound strategies (B-a-B) [7],
to prove the validity/absence of a given property, providing conclusive evidence when the property
holds and, in case of non-compliance, often providing a counter-example. While these methods excel in
delivering precise results, their drawback lies in the lack of scalability, particularly when dealing with
large systems. Nonetheless, they offer the advantage of avoiding false negatives.

Incomplete. Incomplete methods adopt techniques such as Linear Programming (LP) [14], Semi-
Definite Programming (SDP) [15], or Abstract Interpretation (AbsInt) [16, 2, 17] to assess the validity of
desired properties within a given model. These approaches usually adopt abstractions that scale well in
large models and are sound (meaning that if the property is said to hold, it actually holds), but they can
raise false alarms, although they never result in missed violations.

Figure 1: Diagram of the verification process of a machine learning model.

Concisely, as shown in Figure 1 a verification algorithm aims to provide a guarantee that a given
property holds or not, also allowing for the case where, with the adopted technique, the result is
unknown, for example because a timeout is reached. Usually, given a property to verify, the underlying
method for the verification task is to check if the violation of the property is possible considering the
specifications and the model, thus resulting in a negative approach w.r.t. the positive property expressed
in the specifications. Practically speaking, the property is verified if its violation via a counterexample
is infeasible; on the contrary, if a counterexample, eventually further analyzed using more refined
models, allowing the violation of the original property is achievable, then the property does not hold.
For example, if we concretize this abstract concept into the verification of the robustness property,
the model is robust if there is no concrete input in the considered neighborhood that could result in a
different output; on the other hand, the model is not robust if there exists at least an adversarial example
for which the model output differs from the original one considered.

To complicate an already complex topic, the introduction of Foundation Models has further revolu-
tionized the AI field thanks to their adaptability, enabling the use of pre-trained models that perform
well across a wide range of tasks, which can then be fine-tuned for specific issues without requiring
developing and training a model from scratch for each different task. Continuous improvements have led
to larger, more capable, and general models. However, their size and complexity make them increasingly
difficult to comprehend and explain without external techniques and tools.

3. Challenges

The field of ML verification is filled with difficult challenges to overcome, both internal and external to
the verification task itself. These challenges will be discussed in the next paragraphs, highlighting how
they affect the ML community and where the research on this topic, in our opinion, should focus.

Bias in the Data. ML models learn from data, making dataset creation and validation crucial. Un-
fortunately, few verification frameworks can prove interesting properties about the data, which can
exhibit unwanted properties too. Data bias is a simple yet powerful example: biased datasets most
likely train biased models. Furthermore, proving fairness and re-training the model requires more
computational effort than training on an unbiased dataset. The problem lies in formally expressing



properties of interest to prove on the datasets; moreover, datasets can be obtained from biased sources,
such as sensors or manual annotation, which can be subject to errors and inaccuracies too.

Verified Models Are Not Real Models. The major issue with verifying ML models is that the
majority of research is conducted on simple architectures and tasks, which inadequately reflect the
complexity of real-world models. For example, benchmarks used in the Verification of Neural Networks
Competition (VNN-COMP) [18] target models with a few hundred to a few million parameters, whereas
newly developed Large Language Models (LLMs) can have hundreds of billions of parameters. Research
often focuses on feed-forward networks with piecewise-linear activation functions, disregarding RNNs,
LSTMs, and transformer-based models, for which few publications exist. There is, indeed, a necessity to
extend the verification to more realistic systems and models, although this will probably result in an
exponential increment to the computational cost of verification.

When analyzing the time necessary to complete verification tasks on ML models it is evident that
these approaches struggle to scale because simple analyses can range from a few seconds to days
to be completed. However, this should not discourage the adoption of verification steps. Although
computationally expensive, the verification process is a one-time step that does not need to be repeated
unless the model changes. To mitigate this cost, approaches using parallelization and GPU computing
have been adopted [19]. Additionally, incremental [20] or continuous verification could be beneficial
for models and systems that are regularly updated. This would allow the MLOps Lifecycle to be
continuously integrated, deployed, and verified.

Supervised vs. Unsupervised Models. Most formal verification is applied to supervised or semi-
supervised models. For unsupervised models, such as k-means [21], few formal verification approaches
exist [22] due to the difficulty in expressing specifications and properties of interest. The main issue
is that unsupervised models often lack a ground truth, making performance evaluation challenging.
For example, clustering task validation is either internal (linked to cluster shape/distance) or external
(linked to existing labels or domain knowledge), relying on techniques like clustering stability [23] or
density-based validation [24]. Despite this, unsupervised models are widely used for clustering and
association tasks, such as market and customer segmentation. Therefore, as stated in [25], "it is crucial
to develop approaches towards fair unsupervised learning". This is closely linked to the issue of biased
data discussed in Section 3, especially due to the absence of labels that can lead to undetected unfairness.
In this scenario, formal methods could be used for cluster distance guarantees or proving robustness
under a given perturbation.

Privacy. One of the major concerns surrounding ML and neural networks is the issue of privacy.
Since these systems collect and process vast amounts of data, there is a risk that they may inadvertently
compromise sensitive information or incentivize biases and discrimination. For example, a neural net-
work trained on a dataset containing personal information may infer sensitive details about individuals,
even if the data is anonymized [26]. The use of ML algorithms to make decisions about individuals
raises questions about accountability and transparency. To address these concerns, it is essential to
develop methods for protecting privacy and ensuring ML systems are transparent and accountable [27].
This may involve implementing robust data protection policies, developing techniques for anonymous
data collection and processing, and establishing standards for the ethical use of ML and neural networks.
On the other hand, techniques like differential privacy [28] and secure multi-party computation[29]
can provide privacy guarantees, but they often introduce a privacy-utility tradeoff. In this context,
the European Union’s Artificial Intelligence Act1 aims to protect citizen privacy by limiting some AI
applications and enforcing obligations for high-risk systems. Similar approaches coming from regulators
should be encouraged and incentivized.

1https://www.europarl.europa.eu/thinktank/en/document/EPRS_BRI(2021)698792
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The Issue with Generative Models and LLMs. Generative models have been widely adopted and
studied in recent times thanks to their ability to generate content: these models are extremely useful and
powerful, allowing to perform tasks once considered infeasible, such as text-to-image or text-to-video.
Since the performed activities differ greatly from ML classical tasks, like classification and regression, it
is more difficult to identify, define and formalize the properties to verify. Robustness properties can
be reinterpreted so that the aim is to obtain a similar output (intended as a generated content and
not a label) for a given input neighborhood and some approaches have already been implemented
[30]. However, new properties could emerge that focus on new issues: for example, verification of
copyright infringement could be implemented in order to ensure that the model has not been trained on
copyright-protected data. Furthermore, a plagiarism verification could be adopted to certify the novelty
or, at least, the non-plagiarism nature of the generated content. It is also important to note the emerging
trend of jailbreaking LLMs, where adversarial prompts are used to bypass safety mechanisms and force
the model to generate restricted or harmful content. Introducing safeguards or defence mechanisms
against jailbreaking, would allow for safer interactions.

LLMs have gained attention for their ability to mimic language and reasoning, offering glimpses of
artificial general intelligence. However, their often closed-source nature and vast number of parameters
make them challenging to verify. While some tests have been conducted to uncover vulnerabilities,
these approaches typically involve empirical experiments on large amounts of data and queries, rather
than relying on provably safe approaches based on formal methods. The Open Worldwide Application
Security Project (OWASP) has identified top 10 vulnerabilities for LLMs,2 highlighting the need for
robust verification techniques. The inherent complexity of LLMs, coupled with the lack of transparency,
emphasizes the need for further research. One major weakness affecting LLMs is hallucinations, where
outputs may be incorrect, fake, or inappropriate. Researchers have attempted to mitigate this issue
through fine-tuning, knowledge graphs, memory augmentations, and formal methods [31]. However,
these approaches are not automated or widely applied in real-world applications. Breaking down
verification, as in the Chain of Thought procedure [32], could bring benefits to the formal verification
step; similarly, if a model can be decomposed into independent sub-models, the whole verification could
be parallelized and sped up [3].

Verifying Models Not Systems. Few verification approach focus on the entire ML pipeline, particu-
larly on the data processing step, which, indeed, is a crucial part of ML development and it should be
treated as such. Verification or validation systems capable of extracting properties of the training data
should be developed and applied as a first step of the ML pipeline. By gaining insights into the data, the
model itself could be more reliable, and developers could address issues like data scarcity, imbalance,
or bias, potentially using data augmentation or cleaning techniques. Cyber-physical systems, often
used in safety-critical applications, consist of various components, including ML models, which can
pose security issues [33]. Therefore, the system should be considered as a whole, verifying not only
individual components but also their interactions. However, this poses a challenge, as each component
may require a different kind of verification with a different framework and specifications. Integrated
verification could result in an expensive and complex task. For example, the introduction of the Model
Context Protocol (MCP)3, a protocol that allows AI applications to interact with external resources,
dynamic environments, and tools, demands careful consideration: not only because it consists of very
different components, but also because it introduces new potential attack points within the interactions
among these components.

Nevertheless, a system can only be declared safe if all its components and interactions are safe. It
is essential to highlight that a system is as strong as its weakest component, and no aspect should be
neglected.

2https://llmtop10.com
3https://modelcontextprotocol.io/
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Regulations - Call for a Standard. Establishing an analogy with classic safety-critical software can
be inspiring when analyzing how this field has evolved to provide further safety guarantees to both
developers and users. Over the years, many standards and guidelines have been published, determining
requirements that the products have to meet to be adopted4. Similarly, regulatory authorities and
consumer organizations should require guarantees from entities that develop and produce ML systems
to release them for commercial use. If the guarantees become mandatory, ML systems would result
in safer, more secure, and reliable applications. Additionally, guidelines for research projects in ML,
such as open-source model and dataset adoption, would allow for higher experimental reproducibility,
which is now not always possible.

Verifying During Training vs. After Training. Most research on verifying neural networks
(NNs) focuses on already trained models. The sequential execution and repetition of the training and
verification steps can be computationally very expensive, requiring a lot of time. To address this, many
approaches combine the two into guided training, such as adversarial training, which aims to formally
minimize the worst-case loss for every possible input. Robust training relies on input perturbations,
improving model robustness through data augmentation. These approaches primarily target formal
robustness and often require white-box access to the models. Fairness, a data-related property, is also
targeted during training, although often empirically and not formally. However, as highlighted in [34],
training fair neural networks poses technical challenges, including the risk of overfitting and false
senses of fairness during training. Nevertheless, [35] identified a trade-off between robustness and
accuracy, while [36] showed how "existing certified training approaches improve worst-case certified
accuracy at the cost of drastically reduced standard accuracy on clean inputs", limiting their adoption
in practical applications.

ML for ML Verification. In the previous sections, we’ve seen formal methods and empirical ex-
periments. However, it’s profitable to adapt ML models to verify other ML models. Some approaches
leveraging this idea exist: for example, [37] refines and verifies global robustness using generative
models, and [38] uses generative models to discover adversarial examples. Similarly, [39] provides
guarantees over the observation space approximated by a generative model by training a Generative
Adversarial Network (GAN) to map states to plausible input images. While ML models are not yet
widely used in verification tasks due to their black-box behavior, integrating formal methods with
ML could be a promising perspective. ML models could generate candidate invariants, properties to
verify, and counterexamples, which could then be fed into formal methods tools to formally check
that they satisfy required properties. These candidate elements generated by ML components could be
used to formally verify that they satisfy the required properties, making the verification process more
automated and efficient.

Teaching. Due to AI’s wide range of applicability, which led to a broader range of research perspectives
and many cross-field advancements, nowadays it is common to find ML-related courses not only in
computer science degrees. We are confident that formal methods can play a crucial role in teaching,
infusing a verified-by-design culture at an early stage of learning, and leading to a higher security and
safety awareness of these technologies. We think that this is even more important for training ML
specialists in critical fields, such as healthcare. Furthermore, we believe that enriching these courses
with formal methods, and the guarantees provided, would present a significant advantage for both
educators and students, for example making the behavior of models and systems more explainable
and easy to understand [40, 41]. In this sense, it is worth highlighting that, given the heterogeneous
audience to whom these courses are offered, a higher degree of explainability and guarantees could
provide a better comprehension of errors and bugs, which are usually hard to spot and debug in ML
systems, especially if used as off-the-shelf tools.

4For example ISO 25000 and ISO 62304, which are issued by the International Organization for Standardization.
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Emerging Issues - A Fast-Evolving World. An additional challenge in the verification of ML
systems arises from the rapid evolution of this field, marked by the constant introduction of new
applications and improved techniques. To match this pace, a joint community effort is essential. A
notable example is the initiative by the LVE Project (https://lve-project.org/), where an open-source
repository is maintained to track vulnerabilities concerning privacy, reliability, security and trust. This
collaborative endeavor aims to enhance safety and awareness within the community by providing a
comprehensive resource for identifying and addressing potential bugs in LLMs.

4. Constraints, Limitations and Assumptions

The quest for guaranteed ML models and systems comes with inevitable constraints, limitations, and
assumptions. As stated in [42], good ML software should be robust and provide testing routines to
verify code correctness. Our claim goes beyond testing routines, aiming for formal verification to obtain
provable guarantees. However, accessing source code for verification is a major concern, as many
recent models are closed-source. The verification step is also limited by a trade-off between accuracy
and computational complexity. A careful integration into software production processes is required,
considering both energy consumption and computational complexity.

5. Conclusion

The verification of ML models and systems should be a primary goal to reach in modern society.
Succeeding in this task would give us guarantees that only formal verification can provide, resulting
in the adoption of these models with higher reliability and trustworthiness, even in safety-critical
applications, and lowering the risks of vulnerabilities, attacks, and malfunctions. However, it is not
sufficient to tackle each one of the challenges presented in the previous sections singularly, thus the
extent of the issue calls for an holistic approach. Indeed, looking at an isolated aspect could lead to
systems that are safe and reliable under that aspect, but that can cause major damages in all the others,
for example, a model could be robust but heavily biased. As part of this holistic approach, the safety of
a model should be considered not only by technical metrics and issues but also in the light of ethical,
jurisdictional, and legal features. In conclusion, providing users with clear and provable guarantees
about all the aspects of the product offered should become the standard.
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