
ai computational physics
The Emergence of AI in Computational Physics: A Paradigm Shift

AI computational physics is rapidly revolutionizing how we approach complex scientific problems,
bridging the gap between artificial intelligence and the fundamental laws of the universe. This
dynamic intersection is unlocking unprecedented capabilities in simulation, modeling, and data
analysis, accelerating discovery across various physics domains. From unraveling the mysteries of
quantum mechanics to predicting the behavior of vast cosmological structures, AI is proving to be an
indispensable tool for modern physicists. This article will delve into the core concepts of AI
computational physics, exploring its applications, the underlying methodologies, and the
transformative impact it's having on scientific research and technological advancement. We will
navigate through the various ways AI algorithms are being integrated into computational
frameworks, discussing the benefits, challenges, and future trajectories of this exciting field.
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The Power of AI in Physics Simulations

Simulations have always been the bedrock of computational physics, allowing researchers to test
hypotheses and explore scenarios that are impossible to recreate in a laboratory. However,
traditional simulation methods can be computationally prohibitive, requiring immense processing
power and time, especially for complex, multi-scale systems. This is where AI computational physics
steps in, offering novel ways to enhance and accelerate these simulations. AI algorithms can learn
the underlying physics from data, enabling them to predict simulation outcomes much faster than
conventional numerical solvers. Imagine trying to simulate the turbulent flow of a fluid or the
evolution of a galaxy; these problems involve a staggering number of interacting particles and
forces. AI models, once trained on existing simulation data or experimental results, can often
provide accurate approximations with a fraction of the computational cost.

One of the most significant contributions of AI to simulations is the development of surrogate
models. These are AI-powered models that learn to mimic the behavior of a complex physical system.
Instead of running a full, expensive simulation every time a parameter is changed, researchers can
query the surrogate model for an almost instantaneous prediction. This drastically speeds up
parameter space exploration, optimization tasks, and uncertainty quantification. For instance, in
climate modeling, where simulations can take weeks to run, AI surrogate models can allow scientists
to iterate through countless climate scenarios in a matter of hours, leading to more robust



predictions and policy recommendations. This shift from direct simulation to AI-accelerated
inference is a paradigm shift in how we perform computational science.

Accelerating Complex System Simulations

The sheer complexity of many physical phenomena presents a significant bottleneck for traditional
computational methods. Phenomena like turbulence, phase transitions, or the behavior of many-body
quantum systems involve intricate interactions across vast scales. AI computational physics offers a
way to bypass some of these computational hurdles by learning efficient representations of these
complex dynamics. Machine learning models, particularly deep neural networks, can be trained to
recognize and reproduce subtle patterns and correlations within the data generated by these
systems. This allows for faster prediction of future states without needing to explicitly compute
every single interaction step.

For example, in the realm of fluid dynamics, predicting turbulent flow is notoriously difficult and
computationally intensive. AI models, trained on high-fidelity simulations or experimental data of
turbulent flows, can learn to predict the evolution of the flow field much more efficiently. This
doesn't replace the need for fundamental physics principles but rather augments them, providing a
powerful tool for scenarios where direct numerical simulation is infeasible. This acceleration is
crucial for fields that rely heavily on predictive modeling, from weather forecasting to the design of
advanced aircraft and fusion reactors.

AI-Driven Parameter Optimization

Many physics problems involve optimizing a set of parameters to achieve a desired outcome. This
could range from finding the optimal configuration of atoms in a material to designing the most
efficient parameters for a particle accelerator. Traditional optimization techniques can be very slow,
especially when the objective function is non-convex or when evaluating the function requires a
computationally expensive simulation. AI, particularly Bayesian optimization and reinforcement
learning, can significantly speed up this process. These methods learn from past evaluations to
intelligently select the next set of parameters to test, efficiently converging on optimal solutions.

Consider the design of new materials. Scientists often need to explore a vast parameter space of
elemental compositions and structural arrangements to find a material with specific properties, such
as high conductivity or strength. AI algorithms can guide this search, suggesting promising
combinations that would be missed by exhaustive or random searches. This not only saves immense
computational resources but also accelerates the pace of innovation in materials science and
engineering. The ability of AI to learn from and guide these complex search processes is a testament
to its growing importance in AI computational physics.

Machine Learning for Physical System Modeling

Beyond just speeding up simulations, AI, particularly machine learning (ML), is fundamentally



changing how we model physical systems. ML algorithms excel at identifying complex relationships
within data that might be too subtle for human researchers to discern. In physics, this means
developing models that can capture the essence of a physical system with greater accuracy and
efficiency. This can involve learning effective potentials, classifying states, or even discovering new
physical laws from observational data. The goal is to create more generalized and robust models that
can handle a wider range of conditions and scenarios.

Instead of relying solely on first-principles derivations, which can be challenging for many-body
systems, ML provides a data-driven approach to model building. For instance, in statistical
mechanics, where understanding the emergent behavior of many interacting particles is key, ML
models can learn simplified representations of these interactions. This allows for the development of
more tractable models that still capture the essential physics. This hybridization of theoretical
physics and data-driven ML is a hallmark of modern AI computational physics.

Learning Effective Potentials and Interactions

A core challenge in many areas of physics, from condensed matter to molecular dynamics, is
accurately describing the interactions between particles. Developing accurate interatomic or
intermolecular potentials is crucial for reliable simulations. Traditionally, these potentials are
derived from quantum mechanical calculations or empirical fitting, which can be computationally
demanding or limited in their applicability. Machine learning offers a powerful alternative. By
training ML models on large datasets of quantum mechanical energies and forces, researchers can
develop highly accurate and flexible effective potentials that can be used in much larger-scale
simulations.

These ML-based potentials can capture complex, non-linear interactions that are difficult to
represent with simple analytical forms. For example, in simulating the behavior of complex
molecules or disordered materials, ML potentials can provide a more realistic description of their
dynamics and properties. This is a significant advancement for AI computational physics, enabling
the study of systems that were previously intractable due to limitations in potential energy surface
representations. This capability opens doors to exploring new materials, understanding biological
processes at the molecular level, and designing new chemical reactions.

Classification and Regression of Physical States

Many physical systems exhibit distinct phases or states of matter, characterized by different
properties and behaviors. Identifying these states and understanding the transitions between them
is a fundamental problem in physics. Machine learning algorithms, particularly classifiers, can be
trained to recognize these states from observable data. For example, in condensed matter physics,
ML can be used to classify different topological phases of matter based on electronic band
structures or correlation functions. This allows researchers to efficiently identify and characterize
novel states of matter that might be difficult to pinpoint using traditional analytical methods.

Similarly, regression models can be employed to predict continuous physical properties based on
system parameters. For instance, an ML model could be trained to predict the critical temperature



of a material based on its composition and crystal structure. This capability is invaluable for material
design and discovery, allowing scientists to quickly screen a vast number of potential candidates
without extensive experimental or computational validation. The application of ML for classification
and regression in AI computational physics streamlines the discovery process and enhances our
understanding of complex physical phenomena.

Deep Learning for Uncovering Complex Physical
Patterns

Deep learning, a subfield of machine learning characterized by its use of artificial neural networks
with multiple layers, has proven exceptionally adept at identifying intricate patterns in large, high-
dimensional datasets. In the context of AI computational physics, deep learning models can learn
hierarchical representations of physical data, allowing them to discern subtle correlations and
structures that might elude traditional analysis techniques. This capability is particularly potent
when dealing with complex systems where the relationships between variables are non-linear and
emergent.

The power of deep learning lies in its ability to automatically extract relevant features from raw
data. Instead of physicists manually engineering features, deep neural networks can learn these
features directly during the training process. This is incredibly useful for analyzing complex
experimental data, such as from particle accelerators or advanced telescopes, where the sheer
volume and complexity of information require sophisticated analytical tools. The success of deep
learning in image recognition and natural language processing is now being powerfully translated
into deciphering the complex languages of physical phenomena.

Unsupervised Learning for Anomaly Detection

In many scientific endeavors, discovering anomalies – events or data points that deviate significantly
from the norm – can lead to groundbreaking discoveries. Unsupervised learning algorithms, a type of
deep learning that does not require labeled data, are exceptionally well-suited for anomaly detection
in AI computational physics. These algorithms can learn the underlying structure of "normal" data
and then flag any observations that do not conform to this learned pattern. This is invaluable in
experimental physics where unexpected signals might indicate new particles, phenomena, or
instrumental issues.

For instance, in the Large Hadron Collider (LHC) experiments, vast amounts of data are generated
daily. Unsupervised deep learning models can sift through this data to identify rare events that
might not fit existing theoretical models. Such anomalies could be the first hints of new physics
beyond the Standard Model. Similarly, in astrophysics, these techniques can be used to identify
unusual celestial objects or transient events in astronomical surveys, pushing the boundaries of our
observational understanding. The ability of deep learning to learn complex data distributions without
prior labeling is a critical advantage.



Generative Models for Data Augmentation and Synthesis

Generating realistic synthetic data is a crucial task in AI computational physics, especially when
experimental or simulation data is scarce or expensive to obtain. Generative models, such as
Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs), can learn the
underlying data distribution of a physical system and then generate new, plausible data samples.
This synthetic data can be used to augment existing datasets for training other AI models, to explore
hypothetical scenarios, or to create visualizations of complex phenomena.

For example, in medical imaging for physics-related applications, GANs can generate realistic
medical scans to improve the training of diagnostic AI. In particle physics, they can simulate
detector responses for rare events, allowing for more robust analysis. In fluid dynamics, generative
models can produce realistic turbulent flow patterns for studying aerodynamic properties. This
ability to synthesize complex physical realities allows researchers to explore a wider parameter
space and develop more robust AI models, enhancing the overall capabilities of AI computational
physics.

AI-Driven Discovery in Particle Physics

Particle physics, a field dedicated to understanding the fundamental constituents of matter and their
interactions, generates enormous and complex datasets. The Standard Model of particle physics has
been incredibly successful, but ongoing experiments at facilities like the LHC are constantly
searching for deviations and new phenomena. AI computational physics is proving indispensable in
sifting through petabytes of collision data, identifying rare events, and testing theoretical
predictions with unprecedented precision.

The ability of AI to process and analyze this high-dimensional data in near real-time is a game-
changer. Traditional analysis methods, while rigorous, can be slow and may miss subtle signatures
of new physics. AI algorithms, by learning complex patterns and correlations, can significantly
enhance the sensitivity of experiments and accelerate the discovery process. This is leading to a new
era of data-driven discovery in the subatomic world.

Event Reconstruction and Classification

In particle physics experiments, physicists are not directly observing fundamental particles. Instead,
they observe the tracks and energy deposits left by these particles in massive detectors.
Reconstructing the original particles and their properties from this indirect information is a complex
task known as event reconstruction. Deep learning models have demonstrated remarkable success
in performing this reconstruction, often outperforming traditional algorithms in accuracy and speed.
These models can learn to identify particle trajectories, distinguish between different particle types
(e.g., electrons, muons, photons), and estimate their energies and momenta.

Following reconstruction, classifying the types of events that have occurred is crucial for testing
theoretical models. For instance, identifying events that contain specific decay signatures of



hypothetical new particles is a key goal. Machine learning classifiers, trained on simulated events
that mimic real experimental conditions, can efficiently categorize millions of reconstructed events,
allowing physicists to isolate the signals of interest and set limits on new physics. This discriminative
power of AI is a cornerstone of modern AI computational physics in this domain.

Searching for New Particles and Phenomena

The ultimate goal of much experimental particle physics is to discover new particles or phenomena
that lie beyond the Standard Model. These discoveries often manifest as subtle excesses of events in
specific regions of the data, or as unexpected correlations. AI algorithms, particularly those
employing anomaly detection or advanced pattern recognition, are becoming essential tools in these
searches. They can be trained to be sensitive to a wide range of potential new physics signatures,
even those not explicitly predicted by current theories.

For example, unsupervised learning techniques can highlight unusual events that do not fit the
expected background. Supervised learning can be optimized to search for specific hypothetical
particles by learning their expected decay products and kinematic properties. This data-driven
approach complements traditional model-based searches, expanding the scope of discovery in AI
computational physics and increasing the chances of uncovering the mysteries of the universe at its
most fundamental level.

AI and Condensed Matter Physics

Condensed matter physics deals with the macroscopic and microscopic physical properties of
matter, especially the solid and liquid forms. This field is characterized by the collective behavior of
a vast number of interacting particles, leading to emergent phenomena like superconductivity,
magnetism, and topological phases. AI computational physics is providing powerful new tools to
understand and predict these complex behaviors, which are often governed by intricate quantum
mechanical interactions that are notoriously difficult to model directly.

The ability of AI to learn from vast amounts of data, whether from simulations or experiments, allows
for the development of more accurate and efficient models. This is crucial for exploring new
materials with desired properties and for understanding the fundamental physics behind exotic
states of matter. The interplay between AI and condensed matter physics is driving innovation in
areas ranging from new electronic devices to advanced quantum technologies.

Material Discovery and Design

The quest for new materials with specific functional properties – such as high-temperature
superconductors, efficient catalysts, or advanced battery materials – is a central theme in condensed
matter physics. AI computational physics is transforming this process by accelerating material
discovery and design. Machine learning models can be trained on databases of known materials and
their properties, allowing them to predict the properties of hypothetical new materials or to suggest



optimal compositions and structures for desired functionalities. This significantly reduces the time
and cost associated with traditional trial-and-error approaches in material science.

Techniques like inverse design, where AI algorithms work backward from desired properties to
suggest candidate materials, are becoming increasingly prevalent. Furthermore, AI can help
optimize synthesis pathways and predict the stability of newly designed materials. This intelligent
guidance, powered by sophisticated AI algorithms, is revolutionizing how we explore the vast
chemical and structural space of possible materials, leading to faster innovation in fields from
renewable energy to advanced manufacturing.

Understanding Topological Phases of Matter

Topological phases of matter represent a frontier in condensed matter physics, characterized by
properties that are robust against local perturbations. Understanding and characterizing these
phases often requires sophisticated theoretical tools and complex numerical calculations. AI
computational physics is offering new avenues for identifying and analyzing topological phases.
Machine learning algorithms can be trained to recognize characteristic signatures of topological
order in the data generated by simulations or experiments, such as correlation functions or spectral
properties. This allows for more efficient identification of these exotic states, even in complex,
disordered systems.

For example, neural networks can be used to classify topological phases based on their
entanglement spectra or topological invariants. This not only aids in the discovery of new topological
materials but also deepens our fundamental understanding of the underlying quantum mechanics.
The ability of AI to detect subtle, long-range correlations is particularly valuable in this area, as
topological properties are inherently global in nature. This is a prime example of how AI
computational physics is pushing the boundaries of fundamental scientific understanding.

Cosmological Simulations Enhanced by AI

Cosmology, the study of the origin, evolution, and structure of the universe, relies heavily on
numerical simulations to interpret observational data and test theoretical models of cosmic structure
formation, galaxy evolution, and dark matter distribution. These simulations are incredibly complex,
involving gravity, hydrodynamics, and feedback processes acting on billions of particles over billions
of years. AI computational physics is playing a crucial role in making these simulations more
efficient, accurate, and insightful.

The immense scale of cosmological simulations means that even with supercomputers, exploring the
full parameter space of cosmological models is challenging. AI techniques are being used to
accelerate these simulations, to analyze their outputs more effectively, and even to reconstruct
missing information from limited observational data. This synergy between AI and cosmology is
essential for understanding the large-scale structure of the universe and its fundamental
constituents.



Accelerating N-body Simulations

N-body simulations are the backbone of cosmological structure formation studies, tracking the
gravitational interactions of millions or billions of particles representing dark matter and baryonic
matter. These simulations are computationally intensive, primarily due to the gravitational force
calculation between all pairs of particles. AI computational physics is being employed to develop
faster gravitational solvers and surrogate models that can approximate the gravitational evolution
much more rapidly. These AI-accelerated simulations can allow cosmologists to run many more
simulations with different cosmological parameters or initial conditions, leading to a more
comprehensive exploration of the cosmic landscape.

Machine learning techniques can learn the complex, non-linear dynamics of gravitational clustering.
By training on the results of high-fidelity N-body simulations, AI models can then predict the
evolution of the dark matter distribution with significantly reduced computational cost. This allows
for faster parameter inference and more robust comparison between theoretical predictions and
observational data, such as galaxy surveys and the cosmic microwave background radiation.

Analyzing Large-Scale Structures

The output of cosmological simulations consists of massive datasets describing the distribution of
matter, galaxies, and gas throughout the universe. Analyzing these datasets to extract meaningful
physical information, such as the power spectrum of density fluctuations, the properties of dark
matter halos, or the morphology of galaxy clusters, is a significant challenge. AI computational
physics offers powerful tools for this data analysis. Machine learning algorithms can automatically
identify and classify cosmic structures, measure their properties, and detect subtle patterns that
might be missed by traditional methods.

For example, convolutional neural networks can be used to identify galaxy clusters in simulation
outputs or observational data. Unsupervised learning can group similar structures together, helping
to categorize different types of cosmic objects. Furthermore, AI can be used to reconstruct three-
dimensional maps of the universe from partial or noisy observational data, effectively filling in the
gaps and providing a more complete picture of cosmic evolution. This analytical power is critical for
making sense of the vast amounts of data generated by modern telescopes and cosmological surveys.

Quantum Computing and AI's Synergistic Relationship

The intersection of quantum computing and artificial intelligence, often termed quantum artificial
intelligence, represents a frontier with immense potential for revolutionizing both fields. While
quantum computing promises to solve certain problems intractable for classical computers, AI
provides the algorithms and frameworks to leverage this power effectively. In the realm of AI
computational physics, this synergy suggests entirely new ways to tackle the most challenging
problems in physics, from simulating quantum systems to discovering new physical laws.

Quantum computers, by their very nature, are adept at simulating quantum mechanical systems.



When combined with AI, this capability can be amplified. AI can help in designing quantum
algorithms, optimizing quantum circuits, and interpreting the results of quantum computations. This
collaborative approach promises to unlock breakthroughs that are currently unimaginable using
classical computational physics alone.

Quantum Machine Learning Algorithms

Quantum machine learning (QML) explores how quantum computation can enhance machine
learning algorithms. Researchers are developing quantum algorithms for tasks such as classification,
regression, and clustering, which could offer speedups or improved performance over their classical
counterparts for specific types of problems relevant to AI computational physics. For example,
quantum support vector machines or quantum neural networks are active areas of research, aiming
to leverage quantum phenomena like superposition and entanglement to process information more
efficiently.

The potential benefits include faster training times, the ability to learn from quantum data more
naturally, and the capacity to model more complex correlations. While still in its early stages, QML
holds the promise of transforming how we approach data analysis and modeling in physics,
particularly for quantum systems where classical methods struggle. This nascent field within AI
computational physics is rapidly evolving.

Simulating Quantum Systems with Quantum Computers

Accurately simulating quantum systems is a grand challenge in physics. The computational
resources required grow exponentially with the size of the system, making it impossible for classical
computers to handle even moderately complex quantum phenomena. Quantum computers, however,
are inherently suited for this task. AI computational physics is driving the development of quantum
algorithms designed specifically for simulating quantum systems. These algorithms, often developed
with AI-driven insights, can be executed on quantum hardware to study molecular structures,
material properties, and fundamental quantum interactions with unprecedented accuracy.

By combining the power of quantum simulation with AI-driven analysis of the results, scientists can
gain deeper insights into quantum mechanics. This includes understanding high-temperature
superconductivity, designing new catalysts, and exploring the fundamental nature of quantum
entanglement. The integration of quantum computing and AI is creating a powerful new toolkit for
computational physicists, pushing the boundaries of what we can understand and achieve.

Challenges and Future Directions of AI Computational
Physics

While the integration of AI into computational physics has already yielded remarkable progress,
several challenges remain, and exciting future directions are emerging. One of the primary hurdles



is the need for large, high-quality datasets to train AI models effectively. Acquiring such data,
whether from simulations or experiments, can be time-consuming and resource-intensive.
Furthermore, ensuring the interpretability and trustworthiness of AI models in scientific contexts is
crucial; physicists need to understand not just what an AI model predicts, but also why it makes
those predictions, to build confidence and derive new physical insights.

The future of AI computational physics is bright, with ongoing research focused on developing more
robust, interpretable, and generalizable AI models. The increasing availability of quantum computing
resources and the continued advancement of AI algorithms will undoubtedly lead to even more
profound discoveries. The journey of AI computational physics is far from over; it is a dynamic and
evolving field poised to redefine the frontiers of scientific exploration.

Data Requirements and Interpretability

A significant challenge in AI computational physics is the reliance on large, labeled datasets for
supervised learning. Generating these datasets, especially for rare phenomena or extreme
conditions, can be prohibitively expensive or impossible. This necessitates research into
unsupervised and semi-supervised learning techniques, as well as methods for efficient data
augmentation and synthesis. Equally important is the issue of interpretability. While deep learning
models can achieve high accuracy, their "black box" nature can be a barrier to adoption in scientific
research. Physicists need to understand the underlying reasoning of AI models to validate their
results and uncover new physical principles. Developing techniques for explainable AI (XAI) in the
context of physics is a critical area of ongoing research.

Generalization and Domain Adaptation

A key goal for AI in physics is to develop models that can generalize well beyond the specific
conditions or datasets they were trained on. A model trained on one specific material or
cosmological simulation might perform poorly when applied to a different, albeit related, problem.
Developing AI models that can adapt to new domains or that are inherently more robust to variations
in input data is a significant research challenge. Techniques like transfer learning, meta-learning,
and physics-informed neural networks (PINNs), which explicitly incorporate physical laws into the
learning process, are promising avenues for improving generalization capabilities in AI
computational physics. The aim is to create AI tools that are not just specific solutions but versatile
assistants for scientific discovery.

The Role of Domain Expertise

While AI is a powerful tool, its successful application in computational physics hinges on the crucial
role of domain expertise. Physicists possess the fundamental understanding of physical laws,
experimental constraints, and theoretical frameworks that guide the development and application of
AI models. This expertise is essential for formulating the right questions, selecting appropriate AI
architectures, interpreting results, and identifying potential pitfalls. The future of AI computational
physics lies in the synergistic collaboration between AI specialists and domain experts, where AI



amplifies human intuition and scientific rigor, rather than replacing it. This human-in-the-loop
approach ensures that AI is used effectively and responsibly to advance our understanding of the
universe.

Frequently Asked Questions

Q: What is AI computational physics?
A: AI computational physics is a rapidly evolving interdisciplinary field that combines artificial
intelligence (AI) techniques, particularly machine learning and deep learning, with traditional
computational physics methods. It aims to enhance and accelerate scientific discovery by using AI to
improve simulations, analyze complex data, discover new physical phenomena, and develop novel
models of physical systems.

Q: How does AI help in physics simulations?
A: AI helps in physics simulations in several ways. It can be used to create faster "surrogate models"
that mimic complex simulations, allowing for rapid parameter exploration. AI can also be employed
to improve the accuracy and efficiency of numerical solvers, accelerate the calculation of
interactions, and even generate realistic simulation data to augment existing datasets, significantly
reducing computational costs and time.

Q: What are some key applications of AI in particle physics?
A: In particle physics, AI is crucial for event reconstruction (recreating particle collisions from
detector data), classification of collision events to identify specific particle decays or signatures, and
the search for new particles and phenomena beyond the Standard Model. AI algorithms can sift
through massive datasets generated by accelerators like the LHC with unprecedented speed and
sensitivity.

Q: How is AI being used in condensed matter physics?
A: AI is transforming condensed matter physics by accelerating material discovery and design,
predicting material properties, and identifying novel phases of matter such as topological phases.
Machine learning models can learn complex relationships between material composition, structure,
and properties, guiding researchers towards new materials with desired functionalities for
applications in energy, electronics, and quantum technologies.

Q: Can AI discover new laws of physics?
A: While AI is not yet discovering entirely new fundamental laws of physics from scratch in the way
Newton or Einstein did, it is proving adept at identifying subtle patterns and correlations in data
that can lead to new insights and potentially new theoretical frameworks or refinements of existing
ones. Physics-informed AI, which incorporates known physical laws into the learning process, is a



promising avenue for such discoveries.

Q: What are the biggest challenges facing AI computational
physics?
A: Major challenges include the need for large, high-quality datasets for training AI models, ensuring
the interpretability and trustworthiness of AI predictions (the "black box" problem), and achieving
robust generalization of AI models across different physical systems and conditions. Developing AI
that can truly understand and reason about physics, rather than just perform pattern matching, is an
ongoing endeavor.

Q: What is the role of quantum computing in AI computational
physics?
A: Quantum computing, when combined with AI (quantum machine learning), offers the potential to
solve problems that are intractable for classical computers. This includes the precise simulation of
quantum systems (like molecules or exotic materials) and the development of novel quantum
algorithms for tasks in AI. The synergy between quantum computing and AI is expected to unlock
new frontiers in computational physics.
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