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Abstract

Hilbert’s 23 problems in mathematics published in 1900 proved to be very influential for 20th-century mathematics. The
attempt to solve these problems did not only consolidate the scientific field, but also led to new areas of research. Consolidation
and structuring is definitely required in the field of Al, which has been growing in an untamed way during the past dozen years.
Much of this research has been driven by large companies, which even when supporting the basic research are primarily interested
in solving problems from application domains rather than addressing the fundamental questions related to the advancement of a
scientific field. Those questions have to be addressed by publicly funded basic research that is focused on contributions to the
scientific field that might enable long-term benefits of their applications. This continuously evolving white paper addresses the
goal of starting an initiative that will formulate the program equivalent to Hilbert’s problems for the field of Al It will be open to
public comments, forming the basis for future revisions and extensions. Also, a public website with the status of the problems is
available. The long-term impact of the initiative will be an urgently needed complement to the predominantly short-term results
produced by applied research.

I. INTRODUCTION

Hilbert’s problems were one of the main drivers for the field of mathematics during the 20th century [1]]. They are an
excellent example that formalizing scientific questions is an efficient way to catalyze progress and consolidation of a scientific
field. Thus, rather than formulating grand challenges for artificial intelligence (AI) [2f], this continuously updated white paper
aims to have an impact on the field comparable to that of Hilbert’s problems on mathematics.

Al drives a technological revolution with previously unseen pace of progress in a multitude of application domains. For
instance, foundation models (FMs) such as BERT [3]], ViT [4], and CLIP [5] re-define the state-of-the-art on many machine
learning tasks, taking over after previous models based on convolutional neural networks [[6] and fully connected networks [7].
Documented evidence suggests that Al models are getting progressively bigger and benefit from access to data and computational
resources [8]], which is practically easier to provide in corporate research than publicly funded academic researclﬂ However,
companies are more likely to focus on fast turnarounds and need-driven research to supersede their competitors regarding results
in their application domains. This pragmatic focus often leads to FMs trained as black-boxes that successfully predict in the
hull of training samples, but might fail on compositional tasks [9] or generate visually appealing yet biologically implausible
resultsﬂ limiting their extrapolation capabilities and thus relevance for, e.g., scientific applications.

Little attention is spent on the theoretical aspects, including the use of model knowledge [10], originating from mathematics
[L1]], [12], [13] or the problem domain, such as constraints [14], proper treatment of uncertainty [15]], [16]], [[17]], causality [18]],
[19], [20], [21]], and calibration [22], [23|], guarantees for the accuracy of outputs [24]], and understanding learned representations
[25] and failure cases. However, those aspects are essential for many applications, e.g., in safety [26], weather science [27],
and for embodied AI [28]], [29]. Similarly the interaction with humans [30] and long-term societal consequences need attention
as the technology matures.

This white paper aims to strengthen the focus on theoretic aspects and to support the structuring process of Al by means
of scientific questions, analogous to Hilbert’s problems in mathematics that shaped the field during the past century:

The goal of this white paper is to advance Al as a scientific field beyond an application-driven technology by formulating the
fundamental problems and making an attempt to their solutions, while incorporating societal, ethical, and security dimensions.

Hilbert’s problems, 23 in number, are usually structured into several groups [1, p. 287pp]: well-formulated problems, many of
them solved by today, vaguely-formulated problems that are considered unaddressable, and problems that even Hilbert himself
disregarded (e.g. Hilbert’s 24th problem, [31]). The ambition here is to formulate problems sufficiently concrete to facilitate
progress, and continuous revisions are foreseen to add or improve problem formulations by the authors and other peers that
help broadening the perspective to the field.

IFor example, the 2026 budget request for the U.S. National Science Foundation’s Directorate for Computer and Information Science and Engineering is
about $0.35 billion, while several major tech companies are each projected to spend roughly $100 billion on Al-related capital expenditures in 2026.
Zhttps://neurips.cc/virtual/2024/invited-talk/101129, from 12:08
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Many topics in Al are now on the precipice of reaching formulation, e.g.,

« the model identifiability problem [32] p. 281], [33]], see also [[I-D}
o the irreducibility of aleatoric uncertainty [34], see also and
« the origin of double descent and grokking and the relation between the two [35]], [36], see also [[I-G]

but many topics have not reached a state of maturity. Effort has to be spent on accurate problem formulations, e.g., pointing to
our limited understanding of non-linear models (sum of parts differs from the whole) such as in the relation between Volterra
series and kernel methods [[37]], ways of materializing kernel methods in machine learning models [38]], and the role of Pareto
theory in multi-objective learning [39], [40].

a) Why the applied perspective to Al is not enough: Looking at failures of Al renders the consolidation of Al method-
ologies purposeful from fundamental and applied perspectives. For instance, observing that LLMs hallucinate references in
essays or fail on basic math tasks [9] has led to extensions of models with reasoning units [41]], but first after the discovery
of these failures.

In a consolidated field, the goal is to predict failures before they occur, instead of relying on empirical observations that
are manually analyzed after failure. The principle to verify systems and to have preventive technical checks on devices and
vehicles has been established and accepted in society for centuries. For instance, critical software components are subject to
automatic testing before committing changes and cars need to do pass regular safety checks. Nobody would accept to use an
untested control software in a nuclear power plant or enter a taxi without working brakes. For some reason, it is commonly
accepted to do exactly that in applications of Al: Correctness seems to be less important than pleasure. For instance, people
use LLM-generated text just because it reads well or people believe in fancy Al-generated images and videos with implausible
configurations.

If we want to avoid that Al accelerates the general societal trend to believe in rather fake-facts from social media than scientific
evidence, we need to turn Al into an area where correctness and trustworthiness of results are predictable or verifiable, where
Al is used if it is reliable and where it is capable of indicating when it has failed. To achieve this is not a scholastic exercise,
but essential to the stability of democratic systems, individuals, and possibly even mankind.

b) The quest for answering the problems will lead to groundbreaking findings: While the societal aspects of the potential
outcomes are of pragmatic value, the findings are also expected to provide structured input to Al strategies, regulation, policy,
and education. This goes beyond Hilbert’s original endeavor, as we anticipate that advances in methodology, achieved by means
of basic Al research, will inform both public discourse and policymaking.

While this is not the first attempt to cast the concept of Hilbert problems onto Al, see e.g., Jitendra Malik’s talk “Hilbert
Problems of Computational Vision” 200 or Nicklas Berild Lundblad’s talk during the WASP Academia and Industry Days
202 neither of them aimed to produce a list of fundamental Al problems as a community effort. Malik formulated three
fundamental computer vision challenges (early vision, static scene understanding, and dynamic scene understanding) and
Lundblad outlined four areas of potential academic impact on industry (the next big problem, curation of questions and data,
trustworthy safety testing, and governance for public Al).

c) From Turing to Hilbert: Imitation vs. Understanding: A natural point of reference for Al is the formulation of
intelligence by Alan Turing, who proposed the imitation game as an operational criterion: a machine is intelligent if its
behavior is indistinguishable from that of a human [42]. This perspective has been highly influential and aligns with much
of modern Al practice, where success is often measured by performance on observable tasks, which constitutes one element
of Donoho’s concept of “frictionless reproducibility” [43]], and may be one of the factors underlying the rapid growth of Al
research.

However, behavioral success alone does not necessarily imply that a system is reliable, robust, or operates for the right reasons.
As Al systems are increasingly deployed in settings where failures have significant consequences, it becomes important to
move beyond imitation as the sole criterion. In analogy to David Hilbert’s program of identifying foundational questions in
mathematics, this motivates the formulation of problems that address the underlying principles of intelligent systems, including
representation, learning, generalization, and uncertainty.

II. SUGGESTED PROBLEMS

In the effort to formulate Hilbert problems within Al, contributions from the co-authors have been collected and reviewed.
This white paper deliberately covers those Al problems that admit, at least in principle, a concrete formulation. This is what
distinguishes a Hilbert problem in Al from a general open problem. It is not a claim that these are AIl’s most important
problems, many of the hardest and most consequential ones, concerning values, accountability, and human-Al interaction,
resist formalization by nature. Complementary efforts covering those dimensions are equally necessary.

The “Hilbert problems of AI” should be sufficiently concrete so that it is possible to determine whether or not they have
been adequately addressed. This could imply a mathematical problem formulation, or it could involve some form of test that
would determine the status of the problem.

3http://www.cs.berkeley.edu/~malik/talks/hilbert.ppt
4https://wasp-sweden.org/wasp-academia-industry-days-2025-bold-ideas- practical-pathways- shared-ambition/
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Although desirable in general, to translate the broad Al-challenges to more formal/mathematical problems is actually one of
the major open problems (where some would argue that every formalization will miss the core issue). By requiring that there
are mathematical formulations, we only cover a small subset of Al and many interesting problems are about multi-objective
trade-offs where the specific trade-off in a particular situation is highly context and application dependent.

This section lists a selection of problems formulated by the authors, see Fig. [T] that are sufficiently detailed so that they are
ready for discussion in a wider audience, although most of them still need to be made more concrete, or Hilberty. Also, this
list is far from being finalized — if that is possible at all — and we are continuously working on adding more problems, some
of them already suggested but in the need for more details, and some them yet to be suggested.

_ U [1-A| : [Architectural universality|
- ~ 11-B| : [Learning in dynamical systems|
=41 I II-B I} [The principle of decoupling|
[1-B2} [The universal representation problem|
el \ \ o ‘ [1-B3 [Satisfying the physics prior, provably|
[I-C| : [The balance between transfer, meta-, and|
\ . on-Tine Tearning]
11-D| : |Problem classes of real-world learning|
- Hilbert 11-E] Tracl.<ing ba.ck uncertainty duﬁng infer(?nce|
Problems of Al [I-H : [Multimodality and selfsupervised learning]
\ l \ 11-G| : Implicit biases and generalization|
q IEED II-H| : [Structure, symmetry, and constraints in|
\ learning systems|
=1 =B II-I] :[Computationalize epistemology|
\ \ II-J| :[The meaning of actions|
m - I II-J1|: [Understanding beyond imitation|
4 [1-J2|: Human-Al interaction|
4 - II-J3|: [Normative speciﬁcati0n|

Fig. 1. Overview of (sub-) problems in Al and how some are linked. The links are illustrated by gray edges and they indicate potential for future consolidation.

A. Architectural universality

One of the open problems is to characterize architectural universality for intelligence, or said differently: does there exist
a (technical) learning architecture that can, in principle, acquire and integrate perception, action, abstraction, reasoning, and
self-modeling across open-ended tasks without task-specific redesign under realistic constraints on data, computation, and even
embodiment? The goal is to understand whether there are architecture-level equivalents of homomorphism and invariance:
structures that allow learning, reasoning, and acting to remain coherent as the agent’s internal models and goals evolve, so that
intelligence can be understood not as a collection of tasks, but as stable processes operating over changing representational
spaces. While universal approximation theorems guarantee that many model classes can approximate arbitrary functions, such
results are probably insufficient for intelligence. We should not view “Intelligence” as merely a mapping from inputs to outputs,
but an ongoing process of model construction, revision, and deployment under intervention. Universality in this sense requires
not only representational capacity, but the ability to adapt internal structure, and modes of inference as the agent encounters
qualitatively novel situations.

A variant of the problem would be to study if there are any general principles for how neural architectures could evolve to
tackle universal problems. One could imagine a system that starts from a core that could handle initial input/output (or basic
sensorimotoric processing) and then gradually changes through structural transformations. The key open problem here would
be to determine what principles should be used in such transformations. How can such transformations balance stability and
plasticity, ensuring that new capabilities could be gained without losing previous learned capabilites/functions?

To contrast, standard learning fixes issues like a hypothesis class, optimization procedures and it also standardizes the
notion of loss, but essentially, this presupposes that the space of problems is known in advance. What we would like to
ask is whether there is a universal (technical) intelligent architecture that can somehow be capable of learning new problem
formulations, discovering new state variables, inventing abstractions and essentially reorganizing itself while still remaining a
coherent agent/entity over time. Technically, this can potentially be reduced to defining what architectural universality means
beyond function approximation, or under what conditions a single architecture can support multiple forms of representation,
be it statistical, causal, symbolic, or procedural. This relates to the challenge of bounded rationality by Herbert Simon [44]]. It
also needs to address the challenge of identifying structural constraints on memory, time, energy etc. The interesting problem
for Al is whether we can develop architectures that quite simply re-architects itself while preserving both agency and identity.



B. Learning in dynamical systems

Overarching question is: What is the most data-frugal way to learn to control dynamical systems?

1) The principle of decoupling: When should dynamics and control be learned separately?

A dominant trend today is to learn world models that predict system dynamics and subsequently use planning or reinforcement
learning (RL) to derive control policies. This mirrors classical control theory, which largely relies on a separation between
system identification and optimal control. However, under distribution shifts induced by control, accurate prediction may become
impossible or even ill-defined, particularly when the system is driven outside its nominal operating regime. This explains why
regularization, limiting exploration close to current policies (on-line learning) or those represented in the data (offline learning),
is essential in RL algorithms. An important problem is to characterize the classes of dynamical systems, task families, and
data regimes for which decoupling system identification and control is provably data-efficient, and to identify regimes in which
such a separation must necessarily fail.

2) The universal representation problem: What must be learned to control?

Learning-based control hinges not on learning dynamics per se, but on learning a representation of the system state that renders
prediction, planning, and decision-making feasible. World models, latent representations that support rollouts and planning,
are widely believed to represent the current state of the art. An important question is whether universal or near-universal
representations exist for broad classes of dynamical systems, representations that are minimal, predictive, and actionable
under control, and how such representations can be learned from data using principled approaches, including self-supervised
(contrastive) and predictive learning objectives.

In current practice, there is a growing trend to learn large, generic world models from diverse and heterogeneous data
sources, and subsequently adapt them to specific domains through fine-tuning. These pretrained world models appear to provide
strong initializations, enabling rapid specialization with comparatively little domain-specific data. However, it remains poorly
understood why such world models offer effective starting points: what structural, statistical, or representational properties
make them broadly transferable? Fundamental questions arise regarding the appropriate balance between broad pretraining
and domain-specific adaptation, the most effective strategies for fine-tuning, and the limits of this two-stage paradigm. It is
possible that a richer, multi-level training hierarchy is required, involving several intermediate stages of adaptation rather than
a single generic-to-specific transition. A central problem is therefore to characterize transferable latent representations that span
multiple classes of dynamical systems, to understand how they should be progressively specialized across domains and sensor
modalities, and to quantify the minimal data required at each stage of adaptation.

3) Satisfying the physics prior, provably: Physical systems obey on the one hand conservation laws, symmetries, and
invariants, whose incorporation into models is in principle reasonably well understood [[12]], [45] (see problem , and on
the other hand more complicated physical laws, e.g., in the form of differential equations, which are currently only incorporated
as weak inductive bias [14]], [46] or, in generic world models, implicitly through large-scale training on massive datasets in
which physical regularities are merely latent. The omission of domain constraints leads to fundamental data inefficiency and
uncontrollable model inaccuracies. A central challenge is to understand how physical laws can be incorporated as hard or
semi-hard constraints in representation learning and world models. More fundamentally, to what extent are the data actually
required to learn physically consistent models, as opposed to being used to select among physically admissible hypotheses? An
important direction is to investigate automated verification-style approaches, analogous to those developed for formal reasoning
and machine-checked proofs, as a means to guide the construction and validation of physically valid models with minimal
reliance on data. Furthermore, can such tools be used to certify predictive validity under control? In particular, an important
objective is to determine how these certificates might bound prediction error, detect extrapolation beyond the training regime,
and inform downstream planning and control.

C. The balance between transfer, meta-, and on-line learning

In embodied AI, perhaps the most relevant aspect will be the balance between transfer, meta-, on-line, and multimodal
learning [47], [48], with respect to the following questions: What to transfer? Addressing prior knowledge that should be
ignored or forgotten and what should be transferred when dealing with new environments, objects, tasks, and contexts. Here,
“knowledge”, as in transferable facts and patterns (e.g., LLMs), and “skill”, as in the ability to quickly adapt (meta-learn) to
new training data (e.g., Prior-fitted Networks (PFNs)), need to be considered as these address the ability to perform transfer
on different cognitive and capabilities levels [47]]. How to transfer? Addressing the contrast between learning on offline and
simulated data and methods starting from the transferred knowledge, while filling in the gaps by conducting “targeted” search
or by autonomously exploring sensory and proprioceptive data specific to the new context. This relates to active representation
learning. When to transfer? Methods that establish if and what transfer is viable or if learning from scratch is needed. Cross-
modal transfer? To what extent can knowledge be transferred between modalities? For example, under what conditions can
old sensors be replaced by new ones with no/minimal tuning?

Most of the above require safe exploration: methods for identifying if, and what type of data is needed to ensure performance
with guarantees, as well as methods that confirm that something cannot be performed, etc.; methods for consolidating learned
representations, removing redundant and obsolete models to ensure efficiency.



D. Problem classes of real-world learning

A well-known concept from computer science is the classification of problem classes according to the asymptotic complexity
of their solution: P (solvable in polynomial time) versus NP (nondeterministic polynomial time, requires exponential time in
practice) [49]. While the conjecture that P is a proper subclass of NP has still not been proven, similar questions arise in
context of machine learning and data-driven approaches in general, both for compute and data. Here, we focus on the second:
Assume a model trained on a dataset that is continually extended vs. a model trained using an embodied system interacting
with the world. How do the two cases differ and can both models learn the same functionality.ﬂ

Irrespectively resolution and quantization levels, a finite digital dataset is in the end a finite set of discrete values. If a model
is trained continuously on data, this set potentially becomes (countable) infinite, e.g., in case of generated data [50]], and the
trained model becomes increasingly more powerful. However, the relation to training an embodied system is less obvious and
the question in the previous paragraph can be reformulated as: Does embodiment effectively go beyond discrete, countable
infinite sets? Or: Is embodied learning more powerful than learning from data?

Also an embodied system acquires quantized data in a clocked way, thus learning from the same data manifold as a
continually learning system without embodiment. Still, it can be of a different functionality than a purely data-driven model
if the new data is conditioned on the system, i.e., the system explores its environment [51f]. Since the current system itself
cannot be known at the time of training data acquisition — the system is learned after the respective data has been acquired
— the model cannot learn functionalities that depend on the effect of the current embodied system to the real world [52]. On
the other hand, if we assume having access to exactly the same training data for the system without embodiment as for the
embodied system, we implicitly assume complete knowledge about the embodied system at all stages.

This is only possible if we have access to the real system, a model is not sufficient. Even the most advanced simulation-based
approaches [50] make simplifying assumptions about the real world and is subject to modeling errors. Thus, irrespectively the
same dimensionality of data, the conclusion is that embodied learning is a proper super class of data-driven learning, even
in a continual setting. However, several questions remain: 1. What is the difference in functionality between data-driven and
embodied learning? 2. How can this difference be measured without confusing it with functionality variation induced by other
causes? 3. The assumption that embodied learning uses more resources (e.g. compute and time) than data-driven learning,
implies that a certain functionality is achieved more efficiently by data-driven learning, but where is the break-even point?

E. Tracking back uncertainty during inference

Given a specific output of a model during inference, how much uncertainty is originating from the model prior, how much
from the input uncertainty? While the uncertainty during training of models is extensively discussed, less attention has been
directed to the uncertainty when the model is in use, i.e., during inference, in particular when looking at specific samples,
beyond expectation.

The expected uncertainty of a model describes the distribution of output errors in expectation sense and if the predicted
uncertainty is a good estimate of the empirical uncertainty, the model is calibrated [53]]. The expected uncertainty is composed
of two parts, the aleatoric uncertainty and the epistemic uncertainty [54]. While these are commonly called irreducible and
reducible, modifications of the input space can lead to a reduced aleatoric uncertainty for the price of a higher epistemic
uncertainty [54]. Also, recent results seem to indicated that they are inherently entangled [55].

The training data distribution also implies a bias in the model. This bias can be explicit, e.g. in a classification problem
different classes have different amount of training data [56]], or implicit, e.g. by one class having a single mode in the latent
representation while another one (with the same amount of training data) has multiple modes in the latent space and thus having
less support for each mode in the training data or because different imbalances across modalities [|57]]. If the distribution during
test time differs from the training distribution (explicitly or implicitly), the output accuracy is reduced and the expected
uncertainty is increased [50].

However, the expected uncertainty is not always sufficient to explain why a certain prediction might fail — which is a highly
relevant case, e.g. for investigating failures of Al systems and the resulting responsibilities — or whether it succeeds for the right
reasons [58|]. Besides the expected uncertainty of the trained model and its potential bias, also the input data might contain
errors [59]]. If these errors are correctly modeled by the input error distribution during training, one can presumably determine
— in expectation value sense — what uncertainty was more likely to be the reason for a failure. However, if the input data is
an outlier compared to the input distribution in the training data, outputs become uncorrelated to the uncertainties.

If the input data is an outlier compared to the input data in the training data, the robustness of the model is challenged.
The model output should not be affected by the value of the outlier, it should only influence the output uncertainty prediction.
Some techniques, such as drop-out [[60], systematically improve robustness and other methods propagate the input uncertainty
to the prediction [15]. In the latter case, the knowledge about an input being an outlier could be exploited, but it is still difficult
to determine whether a certain prediction during inference is incorrect because of an outlier in the input data, because of a
bias in the training data, or because of the stochasticity of the model itself. Can the latter causality be excluded by training
several models with the same training data or the second one without knowing the data distributions?

S5This question, formulated by Vladlen Koltun, was debated during the CVPR 2023 AC/SAC workshop “Foundation Models and Embodiment”.



F. Multimodality and selfsupervised learning

Selfsupervised learning is a key to foundation models that need gigantic datasets to be trained where annotation is infeasible.
The most common principle is the “next-token-prediction” where tokens are masked out and the task is to predict that token,
used both in natural language processing [3] and vision [4]]. While the meaning of “next” is well-defined in language and can
be generalized to neighborhoods in images, video, and other spatial data, it is less clear how to do this across modalities.

In general we cannot assume simple correlation between modalities. For example, in contact-rich tasks in robotics, it is
common that force and torque feedback varies significantly, despite high sensing frequency [61]]. Another example may be the
olfactory perception, where predicting chemical compounds or even describing various odors may not be consistent between
individuals [62].

When training foundation models across modalities, the most commonly used principle is to apply contrastive learning, e.g.
in CLIP [5]. The training happens in several steps where first foundation models for the individual modalities are learned, e.g.
by masking, and in a second step, tokens are aligned according to the contrastive loss.

Notably, this approach deviates significantly from biological learning, where modalities are trained using support from other,
often previously trained modalities [63]]. In addition, the relationships can be highly causal, like detected force may mean
something moves in the visual field, activations from proprioception or muscle neurons are used to train visual representations
[64], or the intricate redundancy between smell, taste and vision [65]]. Learning language comes as one of the last steps in
biological learning and is heavily supported by other modalities [66]], [67].

Hypothetically, selfsupervised learning might become much more powerful by a deep integration of multiple modalities
instead of a post-hoc binding of tokens, in particular if there are strong correlations across modalities. In remote sensing
applications, this has partly been demonstrated by joint encoder learning, in sensor specific settings [68] or sensor agnostic [69].
However, neither of these works train the foundation models easy-to-hard, i.e., in a progressively more difficult sequence.

If we assume that we add one modality to an existing model that has already been trained on N — 1 modalities, we consider
two different settings, depending on the redundancy of the modality:

a) Redundant case. The new modality does not add new concepts, i.e., the latent space is not extended. In this case, the
previous modalities act as a generator for ground truth and training on unlabeled data is effectively supervised learning.
Interesting questions here are: 1. How to determine the redundancy of the modality? And 2. What data or how much data is
redundant and what are the methods to test this?

b) Nonredundant case. The new modality requires an extension of the latent space. In this case, we can use the approach from
single modality selfsupervised learning to introduce the new concepts. Key questions that arise are: 1. Will these new concepts
need to be connected to the previous modalities in some way? 2. How to determine the overlap with existing concepts? 3. How
does training effort and performance scale in comparison to independent selfsupervised learning plus contrastive learning? And
finally and also related to section 4. What is the optimal order for adding modalities?

G. Implicit biases and generalization

Deep neural networks learn and generalize well, even in the overparametrized regime, i.e., when the model is large with
respect to the dataset size. This challenges the bias-variance tradeoff from classical statistical learning theory, that would predict
the model to suffer from overfitting. Large neural learning systems seem to exhibit some form of implicit bias, that is present
in the untrained model [70] or emerges during the training process [[71]], [72], and prevents them from overfitting.

This surprising behavior is regarded a crucial ingredient of the success of deep learning. It has gained attention in recent
years due to the ubiquity and success of extremely large models, such as FMs. In fact, implicit biases are closely related to
several phenomena observed and studied in recent years. These include grokking [73|] — i.e., the tendency of the loss to drop
abruptly during training — and feature learning [74] — i.e., the emergence of meaningful semantics in specific neurons, but also
the learning of short-cuts [58].

A particularly interesting consequence is that the test loss of deep neural networks is often observed to decrease twice, in
relation to both model size and training time. While the first drop is a mere consequence of early fitting, the second one is a
natural attributed to implicit biases. This phenomenon is referred to as double descent, and has been popularized by, among
others, Belkin [75]].

Clarifying the mathematics behind the emergence of implicit biases of deep neural networks is a fundamental problem,
whose solution would shed light on the inner-workings of modern learning systems. It is well-understood for linear, kernel, or
random features regression [76], [77], [78], [79], where gradient descent initialized at the origin converges to a minimum-norm
solution, resulting in a form of ridge regularization.

However, for deep networks, the scenario is more complex and mysterious, with partial attempts to explain this phenomenon
via architectural depth [80], or stochasticity of the dynamics [81]]. All in all, there is no general and agreed theory, and a
mathematical explanation of implicit biases of neural networks remains open.



H. Structure, symmetry, and constraints in learning systems

Physical systems obey structural constraints such as conservation laws, symmetries, and invariants. Some of these, such
as translation symmetry, can be incorporated into model architectures, for example through convolutional neural networks
(CNNs) [82]. However, most modern large-scale systems rely on learning such structure implicitly from data, as in DI-
NOv3 [83]] and AlphaFold 3 [[84]]. In particular, AlphaFold 3 illustrates a broader trend: compared to earlier approaches such as
AlphaFold 2 [85]], which employed equivariant components to address coordinate ambiguities, recent models tend to abandon
explicit equivariance in favor of scaling and data-driven learning.

The omission of symmetry constraints can lead to data inefficiency and reduced control over learned representations. Methods
from geometric deep learning [86] show that incorporating symmetries as hard constraints can improve generalization and
robustness. There is also emerging evidence that symmetry can, in some cases, yield computational and memory efficiency
at scale while remaining competitive with standard architectures [87]]. At the same time, widely used large-scale models such
as DINOv3, AlphaFold 3, and Stable Diffusion [88|] do not explicitly enforce such symmetries, but instead rely on learning
invariances from large amounts of data.

A central challenge is therefore to determine whether symmetry constraints should be incorporated as hard or semi-hard
constraints in representation learning and large-scale models, or learned implicitly from data. More fundamentally, under what
conditions does each approach lead to improved data efficiency, generalization, or computational efficiency? Are there classes
of symmetries for which explicit incorporation is inherently beneficial, or conversely fundamentally difficult to scale? More
broadly, what role should symmetry play in representation learning at scale? This connects to problem

1. Computationalize epistemology

Another open problem is to computationalize epistemology: how can an agent, artificial or natural, whose only access to
the world is through sensorimotor data, learn internal models that are structurally related to a hypothetical reality that exists
independently of the agent?

Standard statistical representations capture correlations but not how actions change the world. Causal representations, in
contrast, are mappings from observations to latent variables, and from actions to transformations of those latents, such that the
effect of any real-world intervention can be consistently computed in the latent space, leading to a commutative “intervention
diagram” [89]], [90], [91]]. This notion generalizes ideas from Helmholtz and Hertz about perception as unconscious inference,
and internal “symbols” whose consequences, computed in the representation space, mirror those observed in the external world.
It builds on the idea of homomorphism: i.e., that certain structures are preserved when mapped into another domain, e.g., from
the world into a suitable representation.

Physically, every agent has certain interventions at their disposal, and these interventions should inform the nature of the
representation. A human equipped with a shovel sees sand as a continuous, manipulable mass, whereas an ant perceives
individual grains. Moreover, the representation should be structured such that it best supports planning in terms of the agent’s
available actions, and thinking as acting in an imagined space” (K. Lorenz). In this sense, the units of perception should align
with units of intervention: what constitutes an “object” to us is something that we can meaningfully intervene upon.

The technical challenge is to define and learn such representations from data: when do they exist, when are they identifiable,
when can they be made sparse, disentangled, homomorphic with respect to the composition of interventions, or consistent
with an interventional calculus with respect to a causal graph? Can we characterize the conditions under which learned causal
representations provably reflect aspects of the modular and causal structure of the world, even without positing a unique
ground-truth generative model—with the goal of understanding thinking as “acting in an imagined space” via interventions in
the learned representation?

These questions partly connect back to problem [[I-BI]

J. The meaning of actions

1) Understanding beyond imitation: Can notions such as understanding, reasoning, or reliability be defined in a way that
goes beyond behavioral indistinguishability? In particular, is it possible to formulate operational or verifiable criteria that
determine whether an Al system succeeds for the right reasons, rather than producing convincing outputs alone? What forms
of evidence, structure, or guarantees would be required to certify such properties, especially in settings where ground truth is
unavailable or infeasible to verify?

This problem complements Problem A (architectural universality): while Problem A concerns the existence of architectures
capable of general intelligence, the present problem asks how such capabilities can be defined and verified. It is also closely
related to Problem G (computationalize epistemology), as meaningful notions of understanding are likely to depend on whether
learned representations capture the causal and structural properties of the world.

2) Human-Al interaction: If Al systems gain a full understanding of their actions, the aspect of interaction with humans
needs to be revisited. Under what conditions does human agency remain meaningful in systems where Al mediates decisions,
recommendations, or actions? The challenge is to formalize notions of meaningful human control, contestability, and reliance
in ways that are operationalizable, without reducing agency to a binary on/off property or ignoring the social and organizational
contexts in which it is exercised. Those contexts are considered in the third sub-problem on the meaning of actions.



3) Normative specification: A core open problem is whether normative requirements, values, fairness criteria, social norms,
and contextual obligations, can be specified in ways that are both formally tractable and socially meaningful. Any formalization
risks losing the contextual and relational nature of what makes norms binding; yet without some degree of formalization,
normative requirements cannot be verified or enforced. The challenge is to characterize what can and cannot be preserved in
the translation from social to formal, and under what conditions such translations are even valid.

IIT. CONCLUSIONS

The list of problems above is far from being final and, furthermore, much work remains to turn these initial formulations
into concrete and well-formulated problems. We still need to explore the field more deeply for existing questions and related
activities, we need to integrate suggested problems that we received, and we are hoping for many constructive comments.
Also, the goal of this white paper is not to produce a list of finalized problem formulations, but, by means of the attempt to
formulate a list of problems, to trigger discussions in the field.

This white paper, including the graph in Fig. |1} is continuously updated, its version number converging to % Substantial
suggestions for new problems will be considered for future versions. Also, propositions for modifications and consolidation of
problems are welcome. If the resulting changes are substantial and approved, the proposers will be considered for co-authorship.
All published problems will, together with references pointing to their origin, be published on a dedicated Websiteﬂ
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