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ABSTRACT

The integration of deep learning techniques and physics-driven designs is reforming the way we address inverse problems,
in which accurate physical properties are extracted from complex data sets. This is particularly relevant for quantum
chromodynamics (QCD), the theory of strong interactions, with its inherent limitations in observational data and demanding
computational approaches. This perspective highlights advances and potential of physics-driven learning methods, focusing on
predictions of physical quantities towards QCD physics, and drawing connections to machine learning(ML). It is shown that the
fusion of ML and physics can lead to more efficient and reliable problem-solving strategies. Key ideas of ML, methodology
of embedding physics priors, and generative models as inverse modelling of physical probability distributions are introduced.
Specific applications cover first-principle lattice calculations, and QCD physics of hadrons, neutron stars, and heavy-ion
collisions. These examples provide a structured and concise overview of how incorporating prior knowledge such as symmetry,
continuity and equations into deep learning designs can address diverse inverse problems across different physical sciences.

Introduction

Quantum chromodynamics (QCD) is the fundamental theory describing the strong interactions of quarks and gluons, building
hadrons such as protons and neutrons'. Characterised by its non-perturbative nature at low energies, QCD physics derives
phenomena such as confinement (permanent binding of quarks and gluons within hadrons) and asymptotic freedom (weaker
quark interactions at high energies). QCD physics is crucial for understanding nuclear and extreme matter, which is promising
to be achieved through first-principle lattice calculations?, compact star observations®, and relativistic nuclear collision
experiments®.

The quest to explore QCD physics and decode its associated phenomena involves many challenging inverse problems,
which need to determine causes or parameters from consequent observations>°. Unlike forward problems, which predict
outcomes from known factors, inverse problems start from results to do reverse engineering’. They are essential in fields such
as medical imaging, geophysics and astrophysics, where direct measurements are impractical. Inverse problems in QCD physics
involve identifying strong interaction properties from complex measurements. Examples include extracting hadron spectral
functions® from lattice observables, reconstructing dense matter equations of state (EoSs) from compact star observations®, and
identifying quark-gluon plasma (QGP) properties from heavy-ion collision (HIC) experiments®.

Machine learning (ML) techniques, as a modern branch of artificial intelligence (AI), are becoming increasingly important
in QCD physics® 1, providing tools to unravel intricate patterns and extract structures from complex data sets'">1?. Bayesian
inference can deduce causal parameters from uncertain observations, and deep neural networks (DNNs) are trained to learn
physical properties from well-prepared data. Recently, advanced developments in deep learning are pushing the boundary
to a high-accuracy frontier. Physics-driven learning methods integrate physical rules and constraints into deep learning
frameworks® !>14, improving deep models to produce physically meaningful and accurate results. These burgeoning methods
address inverse problems towards QCD by incorporating physics priors directly into neural network architectures or learning



processes. This ensures solutions adhere to the physics world, reducing the parameter space and improving the accuracy, which
is still missing in current large models.

Physical concepts have been fundamental in the development of ML!'>. Mathematical frameworks of physics and problem-
solving techniques have inspired algorithms and models of deep learning, including e.g., energy-based models'®, maximum
entropy thermodynamics'”, non-equilibrium stochastic dynamics'®, and physics-inspired neural network design and optimisa-
tion!”. The rapidly revolutionary physics-driven learning paradigm is both helpful in solving inverse problems, and will in
turn feed Al innovations, such as developing more physically meaningful generative models and aligning deep models to the
physical world.

Methodology

Statistical Inference and Deep Learning
In solving inverse problems towards QCD physics, statistical inference and deep learning (DL) emerge as indispensable tools,
each contributing uniquely to the resolution of the involved challenges.

Statistical inference provides a rigorous probabilistic framework for understanding and quantifying uncertainties inherent in
QCD physics. Powered with Bayesian inference (BI), one systematically incorporates prior knowledge to update beliefs on the
cared physics based upon observations, and the posterior distribution p(8|D) of the parameters 6 given the observations D is
obtained using Bayes’ theorem?’, p(6|D) = p(D|0)p(8)/p(D), where p(D|8) is the likelihood, p(8) is the prior, and p(D) is
the evidence. This allows for the integration of prior theoretical models or simulated data, providing a coherent method to
update the physics causal parameters as new data become available, enabling also the estimation of parameter uncertainties and
the construction of credible intervals.

Deep learning '!, with its capacity to model complex, non-linear relationships using DNNs, offers a complementary
approach for inverse problems. The network learns to infer the latent parameters 6 from observations D, performing inverse
engineering, which usually works under the principle of maximum likelihood estimation. With this objective, one can choose
different architectures, such as convolutional neural networks (CNNs)2!, recurrent neural networks?2, residual networks??,
graph neural networks?* and transformers? for various inverse problems. In the context of QCD, DL can be employed to
approximate the inverse mapping from observations to the underlying physics. This is achieved by training DNN’s on datasets
generated from theoretical models or experimental simulations. The network learns to infer the latent parameters 6 from
observations D, effectively performing inverse engineering.

The integration of DL and BI reinforces the strengths of both, which applies DNNs within Bayesian perspective, thus
combines the flexibility of DNNs with the probabilistic rigour of BI. This incorporates uncertainty into the network weights,
allowing for the estimation of uncertainty of the predictions.

Symmetry

Principles

Back Propagation ------------ooooooo oo Physics Equations
Figure 1. Physics-driven deep learning. In a deep neural network model, the weights, {w} = wy,wa,...,w,, connect the
inputs, {x} = x1,x2,...,X,, and the outputs, y, with summation ¥ and non-linear activation functions f(«). In a single layer, the

equation can be simplified as y = f(X?_,x;w;). The symmetries can be encoded within the weights, and other principles can be
represented by different activation functions. Due to its differentiable properties, physics equations can be explicitly utilised in
the back propagation (BP) algorithm. The physical data provides guidance for the outputs from deep models when computing
the loss functions.
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Physics-Driven Learning

Solving inverse problems involves determining the causes from observations, which can be particularly difficult when data
is incomplete or noisy. These problems are often ill-posed, meaning that solutions may not exist, not unique, or not stable’.
Advanced deep learning techniques and regularisation methods are used to obtain meaningful solutions. Integrating physics
priors, insights, and properties into machine learning methods presents a promising strategy for tackling the problems more
effectively®°. One newly-developing paradigm aims to introduce physical knowledge explicitly to solve inverse problems,
which is named as physics-driven learning. The physical knowledge encompasses symmetries, principles, well-developed
physics equations and simulations, as Figure 1 shows. These elements will also facilitate the development of more advanced
and reliable deep learning approaches.

Symmetry, a cornerstone in modern physics, can be employed to improve learning performance explicitly. In principle,
embedding symmetries introduces a scheme for sharing parameters in deep models, thus reducing the number of parameters
and preventing over-fitting?’. Symmetries such as translational, rotational, and permutation invariance can be inherently
incorporated into network architectures, e.g., CNNs!>28 Euclidean Neural Networks (e3nn)?° and Graph Neural Networks
(GNNs)*. In QCD physics, gauge invariance and equivariance are particularly important for embedding in deep models®'~33.

Moreover, other principles such as causality, continuity, positive definiteness and asymptotic behaviours, etc., play crucial
roles in ensuring that the solutions are physically meaningful. These properties can be also embedded into architecture
design, either through customised loss functions or specialised activation functions**33, ensuring that the output respects these
fundamental constraints.

Physics equations, concertised by differential equations governing systems, can also serve as priors. These laws provide
essential constraints that guide the learning process, ensuring that solutions adhere to physical realities. Different from the
physics-informed neural networks(PINNs)3®, here physics equations can be encoded into the optimisation explicitly. For
instance, ordinary/partial differential equations (ODEs/PDEs) are automatic differentiable®’, which can be encoded into the
forward process and their gradients can be computed in reverse optimisations for training, leading to more robust and physically
controllable outcomes'*.

Physical data, whether obtained from experiments or simulations®®, serves as a form of regularisation, which assists in
aligning the model outputs with physical truths*®. In particular, for ill-posed inverse problems and those that necessitate initial
verification of the existence of the inverse mapping, this regularisation can not only ground the learning process in reality but
also mitigate the risk of obtaining non-physical solutions.

Designing deep learning models with specific physics knowledge can further enhance their capability and effectiveness
For example, incorporating domain-specific knowledge into the design of deep generative models. In which, inverse modelling
underlying probability distributions are the backbone of generative models'?. Whether starting from exact likelihood estimation
or not, one can approximate the underlying physical distributions and generate reliable samples. These models can benefit from
existing and well-verified physics knowledge.

8
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QCD Physics

Lattice QCD

Lattice QCD (LQCD) provides a first-principle, non-perturbative approach to study the strong interactions.> Progress over
the past 50 years has been driven by a combined improvement of algorithms and increase in computational power, executing
simulations on the largest supercomputers. The workhorse of LQCD is Markov Chain Monte Carlo, to generate large ensembles
of field configurations in four-dimensional spacetime. The low-temperature, moderate-to-high-density region of the phase
diagram is still out of bounds due to the sign problem: at nonzero baryon chemical potential the quark determinant is complex
and importance sampling cannot be used.*!

ML provides a new tool to investigate and enhance LQCD simulations and indeed ML is already used to study many aspects,
including configuration generation, observable measurement and analysis.*> Many applications are still exploratory and most are
developed in theories easier than QCD; nevertheless there is promise and we will discuss selected examples here. An important
aspect is precision and exactness: to compete with or improve upon well-established methods, it is necessary to demonstrate
that ML-driven algorithms can deliver high-precision results with controllable systematic and statistical uncertainties.

Before starting an LQCD simulation, parameters in the lattice action need to be determined. To minimise discretisation
effects, one can employ perfect or fixed point actions, which are classically free of discretisation errors but come with an infinite
number of couplings in principle.*>** In pioneering works, ML has been used to learn action parameters* with the aim of
improving lattice simulations*® and gaining explainable insight into lattice systems*’. Generically, gauge symmetry had to be
learned by such networks, or was included through manually selected small Wilson loop structures. A more scalable approach
to learning fixed point actions has been enabled recently*®4° by using lattice-gauge-equivariant CNNs (L-CNNs) to determine
parametrisations which are shown to be superior to the ones considered previously. L-CNNs are essential in achieving this,
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Figure 2. Example of an L-CNN. Each layer preserves gauge equivariance on the lattice, such that convolutional, bilinear,
activation or exponentiation layers can be combined for the use in inverse problems where the preservation of this symmetry is

crucial. Contrary to conventional CNNs, they are robust to random and adversarial gauge transformations. Image from™?.

in that they provide® a very general formulation of a lattice action, e.g. as functions of arbitrarily sized Wilson loops, while
maintaining exact gauge symmetry in the network architecture.

Most attention has gone to ensemble generation, due to its link with generative Al. Early applications employed
Generative Adversarial Networks to generate field configurations in a two-dimensional scalar field theory. Normalising flow is
by now the best developed approach and been reviewed extensively elsewhere.’*> Diffusion models (DMs) are of interest for a
number of reasons: the underlying idea comes from physics'® 3 and the stochastic updates are easily understood by lattice field
theorists. Indeed the relation between DMs and stochastic quantisation,>* a well-known technique to generate quantum field
configurations via a stochastic process in a fictitious time dimension, has been pointed out recently>, and first applications to
scalar and U(1) gauge field theories in two dimensions have been implemented®~>’. In contrast to normalising flow, DMs learn
from configurations previously generated via any alternative approach, such as hybrid Monte Carlo (HMC), but the trained DM
can subsequently be incorporated in the Markov Chain to increase the size of ensembles. Further connections of DMs to the
path integral®® and renormalisation group flows>® have been pointed out as well.

A quite different generative approach employs the inverse renormalisation group (IRG), originally proposed for spin
systems.®” Here the idea is to learn a transformation that undoes a standard RG transformation, using transposed convolutions.5!
If the inverse transformation is local, it can be applied over and over again, generating larger lattices, closer to criticality.
This idea has first been applied to scalar fields in two dimensions®' and also to a hard-to-simulate disordered system, the
three-dimensional Edwards-Anderson model.®> The crucial step to make this work is to design a “good” RG step, which relies
on the understanding of the physics in the critical regime.

Finally, an area in which ML and lattice field theory (LFT) intersect in a different fashion relies on the observation that
both LFT and ML models describe systems with many fluctuating degrees of freedom. While the starting points are clearly
different — QCD is a fundamental theory, with a probability distribution (or action) fixed by symmetries and renormalisation
conditions; ML models learn or approximate distributions mostly driven by data — there are similarities whose exploration can
have mutual benefits. A prominent example is the presence of local (gauge) symmetries, leading to gauge-equivariant networks
for lattice systems,> 639 extending concepts introduced earlier in the ML literature.%>7. ML can be used to learn order
parameters and determine the phase structure of the simulated theory,®® which has been extended to lattice gauge theories.®® 7"
It may also be useful to analyse ML models as (quantum) field theories, building on the relation between deep NN in the limit
of infinite width to Gaussian processes and free fields.”!>”?> Alternatively, one can add LFT interactions on the nodes’ or use an
LFT analysis to provide a new perspective, as demonstrated in the case of Gaussian Restricted Boltzmann Machines’* or via
the relation to Dyson Brownian motion and random matrix theory’>. The merger of physics intuition with the framework of
ML is expected to deepen understanding going forward.

50,51

Hadron Physics
Much understanding of the subatomic world is rooted in hadron physics. Recently, machine learning techniques have become
useful tools to further this understanding as they help to understand hadron spectra, search for exotic hadrons and study hadron
interactions.

The theoretical extraction of hadron spectra from LQCD, which is an inverse problem, is a challenging task because there
is only a finite amount of LQCD data with statistical noise. Apart from the standard method of extracting hadron masses
using long-range temporal correlations, the Maximum Entropy Method® 7, based on Bayesian inference, provides a robust
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framework for the extraction of hadron spectral functions from LQCD data using information entropy for regularization.
Recently, automatic differentiation methods (Figure 3) based on maximum likelihood estimation have been developed. The
spectral function is first represented by a neural network Ansatz, then the difference between the predictions and the real
observations is computed as a loss function ., whose minimization can be back-propagated to optimize parameters {6}
in neural networks, as d.#/d0. In the forward process, the physical integral is explicitly encoded as a sum to compute the
predictions. The principles that the spectral function has to be continuous and positive are also explicitly incorporated into the
flexible neural network representations® 7.
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Figure 3. Automatic differential framework to reconstruct spectral functions from observations. Neural networks have outputs
as a list representation of spectrum p(®;). The convolutional operation between p (®;) and kernel function K(®, p), gives the
predicted observations D(p), as D(p;) = ng ® Awp (@;)K(w;, p;). The difference between real observations and predicted one

is utilised to compute the loss function, .Z = 271’ (D(p;) — D(p;))?, for optimising the weights {0} of neural networks, with
gradient d. /9 6. The activation functions of the neural network can be set as Softplus to meet the positive definition principle.

The exploration of exotic hadrons has become an exciting frontier in hadron physics’®. Exotic states, including tetraquarks,
pentaquarks and other multiquark states challenge the traditional meson and baryon picture. Candidates of exotic hadrons are
often found experimentally as peaks near certain decay thresholds, and it is important to identify theoretically whether they
correspond to bound, virtual or resonant poles in the complex plane. Bound poles represent stable systems in which particles
are permanently bound, virtual poles reflect transient interactions that affect scattering without forming stable states, and
resonant poles represent unstable, short-lived states that decay into other particles. One can detect such poles from partial wave
amplitudes using deep neural networks’®3" by taking into account the general properties of the S-matrix, such as analyticity
and unitarity. ML studies on the properties of the narrow pentaquark P.(4312) 8! as well as other exotic states®” are currently
an active field or research, and neural network wave-functions for hadrons®>#* may help to identify and characterize these
exotic states.

Hadronic interactions play a crucial role not only in the investigation of the structure of exotic hadrons but also in the
understanding of how atomic nuclei form and of the physics inside neutron stars®. One approach to study hadron interactions
is the HAL QCD method®>~%7, which has been proposed as a way to build effective potentials between hadrons from their
spatial correlations (equal-time Nambu-Bethe-Salpeter amplitude) measured on the lattice. This approach could bridge the gap
between LQCD theory and experimental data®-3°, Deriving the potential from spatial correlations in LQCD is also an inverse
problem with which physics-driven learning can help: symmetric neural networks, trained on LQCD data with constraints of
asymptotic behaviours, can model general non-local potentials in the Schrodinger equation®®°!.
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Neutron Stars

We would commonly encounter ill-posed problems in physics systems that can be probed only by rare events such as
astronomical phenomena. One great and unsolved puzzle in physics is how extremely compressed matter should look like.
Since the total number of baryons is conserved in the Standard Model (except for rare tunnelling processes), the highly
compressed matter has a large density. In ordinary terrestrial environments the density of compressed matter is saturated by
that at the core of heavy nuclei, i.e., the nuclear saturation density ~ 2.7 x 10'* g/ cm’. To compress matter further, we should
consider extreme environments as created by the heavy-ion collisions as explained in the next part or realised in compact stellar
objects®?.

Well-posed Problem M

p — M-R relation
EoS ll-posed "~
(Theory) Inverse Problem
(Data)

/

€ Neural Network R
Figure 4. Conceptual figure for the ill-posed inverse problem from observational data to the theory. In the context of the
neutron star physics, in the theoretical level, the mapping between the equation of state (EoS) and the mass-radius (M-R)
relation is well-posed, but the inferred likely EoS has a probability distribution reflecting the quality and quantity of data.

Neutron stars form a self-bound system assisted by the gravitational force. The range of typical neutron star mass is
(1.4-2)M¢, where M, is the solar mass. One can imagine how dense the neutron star is from the comparison that the sun
has its mass M, within the solar radius ~ 7 x 103 km, while the neutron star radius is only ~ 10 km. It is a crucial question
to identify internal structures of the neutron stars from theoretical predictions and experimental observations®°. As long as
General Relativity and QCD are absolutely correct theories, in principle, the bulk properties of the neutron stars are uniquely
solved; this is a well-posed problem (see Fig. 4). Nevertheless, knowing the theories that lead to the correct answer is still
different from knowing the answer itself. Because of the sign problem in finite-density QCD, the lattice simulation does not
work for the neutron star problem, and the essential information derived from QCD has huge uncertainties. Specifically, a
relation between the pressure and the density called the equation of state (EoS) is indispensable for the hydrostatic equations
which describe the balance between the inward gravitational force and the outward pressure derivative.

For a given QCD EoS, one can deal with equations in General Relativity to thoroughly fix the distribution of the masses and
the radii of the neutron stars, i.e., the M-R relation that in principle draws a single curve. Conversely, one can reconstruct the
QCD EoS from the experimentally observed M-R relation if it is well constrained. This is a typical inverse problem! However,
the quality and quantity of observed data is insufficient. Thus, we should cope with the ill-posed inverse problem of inferring
the EoS from the limited observation. To this end, what one could do the best is to estimate the most likely candidate among all
EoS possibilities. A naive strategy along these lines would be the following: random EoSs are generated with an assumed
prior distribution, and the likelihood to get the observation from these EoSs is weighted, and then the posterior distribution is
quantified®. These procedures are systematised in a form of the Bayesian analysis®*; see also a recent work including latest
observation®. Alternatively, the supervised model of the neural network is good at this kind of inference®®. The implementation
of neural network with automatic differentiation has also be attempted®”-?%. A hybrid of the Bayesian and neural network is
also proposed®”- 190,

The neutron star problem has an advantage in the context of physics-driven learning. The observational data follows the
underlying physics principles, and as stated above, the theories are trustworthy by themselves; in other words, the well-posed
limit in the problem is guaranteed. This is an ideal platform under theoretical control to test new ideas. For example, the
performance study of data augmentation has been discussed in this way'?!, the redesign of activation functions within neural

networks represented EoSs has been employed to meet the causality principle®*.

Heavy-lon-Collisions

Relativistic heavy-ion collisions (HICs) provide the unique chance to create and explore the extreme state of QCD matter in the
terrestrial laboratories, e.g., Relativistic Heavy-Ion Collider and Large Hadron Collider. In HICs, charged ions are accelerated
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to nearly the speed of light, collide, and create thousands of hadrons, photons, and leptons tracked by the detectors. Analyses
of the final-state particles conjectured that a new state of matter — Quark Gluon Plasma (QGP) is formed in the early stage
of the collision. The formation of QGP is an important examination of the quark model and the QCD theory, as it is in the
color deconfinement phase — where quarks and gluons can travel distances that greatly exceed the size of hadrons. Soon after
their formation in HICs, the QGP droplets then expand — driven by the pressure gradient — cool down, and hadronize. An
inevitable challenge in HICs is inversely revealing the underlying QCD physics because of the highly complex and superfast
evolving collision dynamics. Many physical uncertainties are involved in the state-of-the-art theoretical simulation for the
collision dynamics, e.g., fluctuations of the initial state as well as QCD matter’s bulk and transport properties, with entangled
influence to different experimental observables!?”>. DL techniques, boosted by the physics knowledges, have been shown to be
useful in such inverse problems in HICs.
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Figure 5. A schematic flow chart for QCD transition binary classification with CNNs using final particle spectra from HICs as
input. (a) Quark gluon plasma (QGP). The hydrodynamic evolution of QGP with the crossover and first-order phase transition
encoded, respectively. (b) Hadrons. The final observations collected by detectors are signals of different hadrons. (c)
Convolutional neural networks (CNNs). CNNs are suitable for classification task in identifying the phase transition signals
from hadron spectra which are preprocessed as image-type data.

A central task of HICs is to determine the QCD EoS, especially the relevant phase structure. DL, specifically CNN, was
used to construct a direct inverse mapping from final state spectra in HICs to QCD bulk properties recently'?3, see the flow chart
demonstrated in Figure. 5. This exploratory study demonstrated that information about QCD transition—as one crucial feature
embedded in the QCD EoS—can survive the relativistic hydrodynamic evolution into the event-by-event final state pion’s spectra,
and the decipherer from the CNN can decode back this information with robustness to other influencing uncertainties including
initial fluctuations and shear viscosities. Such a way for inverse HICs was deepened further to confront the non-equilibrium
phase transition scenarios and afterburner hadronic cascade!'*1%, and also to include experiment detector effects where the
hits and tracks of particles from the detector in the form of PointCloud — defined as an unordered list of points with their
attributes like momentum and charge — is taken as direct input'®’.

The extraction of QCD EoS is also benefited from physics-driven Bayesian analyses, in which knowledge are encoded in
the priors and model emulator. Inference of temperature dependent speed of sound from high-energy HICs'?® provided the first
experimental evidence of a smooth transition between QGP and hadronic phase at zero baryon density. The Bayesian analysis
was successfully applied to extract the density-dependent QCD EoS'? as well as bulk and shear viscosities'!*~!!2_ It shall be
interesting to note that good consistency was obtained between such data-driven inference of viscosities and those computed
from a quasi-particle model with temperature-dependent mass extracted from a physics-driven learning to match the lattice
QCD calculation of the EoS'!3.

Initial state of HICs is sensitive to lots of interesting physics, including nuclear structure and saturation of gluon distribution
at small Bjorken-x. However, not all information of the initial state can be reconstructed based on final state experimental
observables, since entropy is produced during the QGP evolution, which means the loss of information. The inversion to recover
even though part of the initial state information can reveal correlations or collision patterns within the evolution dynamics.
For instance, attempts invoking Bayesian inference have been made to probe the nuclear structure' ' or neutron skin''>. The
impact parameter is a simple but essential initial state information. It governs the event geometry and volume estimation.
Different from early attempts using ML algorithms like MLP or support vector machine to determine the impact parameter
from conventional observables''®18_ a recent PointNet-based development®*!''? took advantages of the fact that the detector
output in HICs inherently has a point cloud structure. Such an advance allows for a real-time end-to-end eventwise impact
parameter determination for the next generation low-energy HICs to perform at the CBM detector of FAIR.
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Conclusions and outlook

In conclusion, exploring QCD physics as inverse problems presents numerous challenges that drive innovative approaches
to decode complex phenomena. Machine learning(ML) techniques, especially statistical inference and deep learning, have
significantly advanced our ability to tackle these problems. Physics-driven learning ensures solutions align with physical
realities, enhancing precision and relevance. Embedding symmetries, principles, and physical equations into deep model
design opens new avenues for reliable physics-driven learning. The new paradigm has reformed first-principle calculations of
Lattice QCD and significantly influenced investigations in hadron physics, neutron stars, and heavy-ion collisions. Although
advancements in holographic QCD, jet physics, and Electron Ion Collider (EIC) physics are not detailed due to space
constraints'??, it is noteworthy that anti-de Sitter/conformal field theory (AdS/CFT) correspondence has intrinsic connections
with deep learning!?!. This relationship offers new ways to develop holographic theories using neural networks within
physics-driven frameworks!?% 123,

Although it is still challenging to provide a general solution for solving inverse problems, the physics-driven learning is
turning out to be particularly useful for utilising physics knowledge to regularise. This approach can significantly enhance the
analysis of complex systems where traditional data-driven models fall short'?*, such as in climate science for better predicting
weather patterns'?>, in biophysics for understanding active matter behaviours'?, and in astrophysics for understanding cosmic
phenomena'?’. Furthermore, physics-driven learning can reduce the computational cost and data requirements by narrowing
the parameter space, making it a powerful tool for advancing research in various domains of physical science.

Looking forward, the synergy between physics and ML promises continued advancements in both fields. The mathematical
frameworks and problem-solving techniques of physics inspire ML algorithms and models, driving innovations that create
more physically meaningful generative models and align deep learning models with the physical world. As ML evolves, its
application to solving inverse problems will yield more precise and insightful results, thereby facilitating a deeper understanding
of the fundamental interactions that underpin the universe.
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Glossary terms

Artificial neural networks(ANNs): ANN is a model inspired by the structure and function of biological neural networks in
human brains.

Deep neural networks (DNNs): Also named as Deep Net, a complex ANN with multiple layers, including input, output,
and at least one hidden layer.

Convolutional neural networks (CNNs): CNNs excel with image, speech, and audio inputs. It consists of three main
types of layers, convolutional layer, pooling layer, fully-connected layer.

Recurrent neural networks (RNNs): RNN is a bi-directional ANN, unlike the uni-directional feedforward network. It
allows outputs from nodes to influence subsequent inputs to the same nodes.
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