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These days, AI applications, particularly artificial neural 
networks (ANNs), are all the rage in physics and beyond. 
Undoubtedly, they can be powerful in classification and pre-
diction tasks. For instance, Lam et al. (2023) have recently 
developed a neural network model called GraphCast, which 
outperforms traditional simulation-based numerical weather 
prediction. However, how far can the use of AI be pushed in 
physics? In particular, can AI yield scientific understanding 
of real-world phenomena such as turbulence or supercon-
ductivity?

Some authors have been skeptical, suggesting that big-da-
ta-oriented science remains shallow. For instance, Kaznat-
cheev (2013) has remarked that “[s]cientists (due mostly to 
science funding) start to move away from trying to explain 
and understand phenomena and more to collecting data 
and data-mining it to make predictions without understand-
ing.” A reason for skepticism is that ANNs themselves are 
opaque and thus difficult for humans to understand (e.g., 
Burrell 2016). Others, by contrast, have taken a more op-
timistic stance, pointing to examples in which AI has seem-
ingly been instrumental to human understanding. In what 
follows, I’ll try to investigate more systematically to what ex-
tent AI can help human physicists to understand real-world 
target systems (see Beisbart 2025 for details).

The answer to this question crucially depends on what we 
mean by “understanding” or “providing understanding.” Al-
though physicists often pride themselves on having deep-
ened our understanding of a particular domain, they fre-
quently do not explain what they mean by “understanding.” 
This is where philosophy of science becomes essential. In 
the last few years, philosophers such as Catherine Z. Elgin 
(2017) or Henk de Regt (2017) have clarified what under-
standing might be. Particularly, philosophers have distin-
guished between several varieties of understanding, e.g., 
the (so-called objectual) understanding of some domain of 
things or the (so-called explanatory) understanding of why 
something is the case (see Baumberger et al. 2016 for an 
overview). In what follows, I focus on explanatory under-
standing, which is particularly important for science. It is 
widely agreed that this understanding is not just a subjective 
feeling of understanding (Trout 2002). Instead, if a scientist 
understands why p is the case, where p is a proposition de-
scribing a phenomenon, e.g., a thunderstorm, they are com-
mitted to an explanation of why p, which is at least roughly 
correct. Furthermore, they are justified in accepting the ex-

planation and can use it in scientific practice. For instance, 
they can formulate the explanation and use it to make infer-
ences about scenarios in which some details in the explana-
tion have been changed (see Hills 2016 for details).

Suppose now that a scientist has trained an ANN to pre-
dict the weather and assume that the ANN’s predictions 
are highly accurate. Does this achievement provide the 
scientist with an understanding of why the weather is as it 
is, e.g., why there is a thunderstorm on a particular day? 
An immediate problem is where the explanation is. Typical 
physical explanations are based on laws of nature or the-
ories of broad scope; they cite causes of a phenomenon 
or specify a mechanism to explain the phenomenon under 
investigation (see e.g. Woodward & Ross 2021). However, it 
is unclear whether ANNs do this. It is, for sure, possible that 
they become sensitive to variables that describe the mech-
anisms underlying the phenomenon. Their inner layers may 
also contain nodes that trace the values of variables that 
arise in the relevant laws of nature. However, without further 
investigation of the ANN, physicists do not know whether 
this is the case. Accordingly, they don’t have an explanation 
in their hands. As a consequence, they cannot commit to an 
explanation, and they cannot use it to draw inferences. This 
means that they lack explanatory understanding.

However, if the ANN yields accurate predictions for a wide 
range of cases, there are some reasons to expect that the 
ANN incorporates some explanatorily relevant information. 

Fig. 1: Sketch of the conditions required for explanatory under-
standing of why p is the case (e.g., why the planets move on par-
ticular orbits). The agent on the left hand side has to be committed 
to a correct explanation q of p; they need justification (J) for this, 
and they are required to have the ability to draw inferences about 
scenarios in which p and q have been modified slightly to p* or q*, 
respectively.
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Still, unless the scientists have identified the explanatory 
factors that the ANN has detected, they cannot articulate 
the explanation, let alone use it to run the inferences need-
ed for understanding. This result implies that explainability 
methods are crucial if scientists want to use ANNs to deep-
en their understanding: unless scientists understand which 
explanation an ANN somehow contains, they cannot use it 
to understand real-world target systems.

There is a difference here between ANNs and other com-
puter-based methods, e.g., computer simulations. The lat-
ter are typically based on theories that contain the relevant 
laws of nature, e.g., the basic equations from fluid dynam-
ics, and physicists have invested explanatory knowledge in 
designing the simulations. ANNs are different because they 
can be trained without any prior explanatory understanding.

If this is true, why are some authors more optimistic about 
the ability of ANNs to provide understanding? One reason 
is that they focus on objectual understanding of a domain 
of things (Räz & Beisbart 2022). Such understanding con-
sists in grasping connections in a body of knowledge or 
facts (Kvanvig 2003, 192), and the probabilistic correlations 
that ANNs capture are sufficient for this. Second, there are 
also examples in which networks and machine learning al-
gorithms appear to have learned the laws of nature, e.g. 
Newton’s law of gravitation (Lemos et al., 2023). However, a 
closer analysis of related research reveals that the networks 
were rather special and embodied significant prior knowl-
edge of the correct explanation, for instance, the principle 
that the reaction equals the action. Third and finally, trained 
networks can, under certain conditions, be used to identify 
partial causes (e.g., Knüsel & Baumberger 2020). The idea 
is to apply Mill’s method of difference (cf. Pietsch 2021, Ch. 
4.3) and to run a trained ANN with inputs in which the values 
of some variables have been changed. Under suitable con-
ditions, variables that impact the outputs are causes. How-
ever, applying this method requires not only non-trivial work 
that goes beyond simply training a model, but also some 
assumptions about the causes that might be relevant.

All in all, it is fair to say that the question of whether AI pro-
vides understanding has no unique answer. It depends on 
whether we are talking about ANNs or computer simula-
tions, whether our interest is in explanatory or objectual un-
derstanding, and how AI is used. On the negative side, it is 
true that ANNs can yield accurate predictions without giving 
us understanding. The good news is that AI can help us to 
deepen physical understanding (see Krenn et al. 2022) but 
only if we extract the explanatory information to which some 
AI tools may become sensitive.
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Fig. 2. In his “Philosophical 
Investigations” (Wittgenstein 
1953, § 146), philosopher 
Ludwig Wittgenstein sug-
gested that understanding 
is not so much a mental pro-
cess; instead, understanding 
means to know how to pro-
ceed. In this way, Wittgen-
stein pioneered the idea that 
understanding manifests 
in specific abilities. (photo-
graph by M. Nähr, public do-
main, via https://commons.
wikimedia.org/wiki/File:Lud-
wig_Wittgenstein_1929.jpg)
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