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Preface
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Scientific computing and machine learning grew up in different buildings. One tradition begins with a governing equation, discretises it carefully, and proves that the resulting numerical scheme converges to the truth as the mesh is refined. The other begins with data, fits a flexible function to it, and measures success on a held-out sample. For decades these traditions borrowed from each other only occasionally. That separation has now ended, and it has ended abruptly.

The reason is a class of models that this book calls scientific foundation models: large, pretrained, general-purpose networks that absorb enormous quantities of simulation output, experimental measurement, and scientific text, and that can then be adapted—often with very little additional data—to a wide range of downstream scientific tasks. A single pretrained operator network can be fine-tuned to predict flow around aerofoil shapes it has never seen. A model trained on decades of reanalysis data can produce a ten-day global weather forecast in under a minute on one accelerator, a task that traditionally consumed a substantial fraction of a national supercomputing centre’s daily allocation. A protein structure predictor has changed what a structural biology laboratory does on a Monday morning. These are not incremental improvements to existing solvers. They change the economics of what is worth computing.

What this book is about

This book is an attempt to give that change a coherent technical treatment. It is organised around a single argument: foundation models are most useful in science not when they replace numerical analysis, but when they are embedded inside it—as surrogates that accelerate an inner loop, as priors that regularise an ill-posed inverse problem, as proposal mechanisms inside a sampler, as reasoning agents that orchestrate tools whose individual outputs are still verified by conventional means. Accordingly, roughly half the book is about machine learning and roughly half is about the numerical, statistical, and systems machinery required to make machine learning trustworthy in a scientific setting.

The ten chapters follow a deliberate arc. Chapters 1 and 2 establish the problem and the mathematical vocabulary. Chapters 3 through 5 cover architectures, data, and the practice of training at scale. Chapters 6 and 7 are the scientific core: neural operators and surrogate modelling, followed by a survey of what these methods have actually achieved across the physical and life sciences. Chapters 8 and 9 address reasoning, autonomy, uncertainty, and validation—the questions that determine whether a model’s output can be believed. Chapter 10 turns to systems: serving, cost, energy, governance, and the open problems that remain.

Who should read it

The intended reader is a graduate student, computational scientist, or practising engineer who is comfortable with linear algebra, multivariable calculus, and elementary probability, and who can read Python. No prior familiarity with deep learning is assumed; Chapters 2 and 3 build the necessary machinery from the ground up. Readers arriving from machine learning rather than from computational science may wish to read Chapter 2 quickly and Chapter 6 very slowly—the reverse of what readers arriving from numerical analysis will want to do.

Each chapter opens with explicit learning objectives, develops its material through worked derivations, diagrams, and annotated code, and closes with a summary, a set of exercises graded from routine to open-ended, and pointers for further reading. The exercises are not decoration. Several of them ask the reader to construct a counterexample, to break a method, or to quantify a failure mode, because a practitioner’s most valuable knowledge in this field is knowing precisely where a method stops working.

A note on a fast-moving field

Any book on this subject is written against a moving target. Specific model names, parameter counts, and benchmark leaderboards age quickly, and the reader should expect the numbers quoted here to be superseded. The organising principles—spectral bias and its consequences, the discretisation-invariance requirement for operator learning, the distinction between epistemic and aleatoric uncertainty, the arithmetic of memory-bound inference, the irreducible need for out-of-distribution validation—have proved considerably more durable. Where a choice had to be made, this book invests in the principles and treats the artefacts as illustrations.

Nanda Kishore Kande
2026
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Two Traditions and Their Convergence
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Learning Objectives


•  Characterise the cost structure of classical scientific computing and identify where that cost is concentrated.

•  Define what makes a model a foundation model, and distinguish scale from generality.

•  Classify the four principal ways a foundation model can be inserted into a scientific workflow.

•  Articulate, with specific examples, what these methods have demonstrably achieved and what they have not.

•  Recognise the failure modes that motivate the verification machinery developed later in this book.


The cost structure of computational science

Computational science is, at bottom, the business of turning a differential equation into a number. The pipeline is familiar: a continuous model is posed on a domain, discretised onto a mesh or a basis, converted into an algebraic system, and solved. Each stage contributes error, and the entire enterprise of numerical analysis is devoted to bounding that error and to making the bound shrink predictably as computational effort increases.

This is a remarkable intellectual achievement, and it has one persistent economic problem. The cost of a single high-fidelity solve is high, and it is almost never a single solve that is wanted. Consider what computational scientists actually spend their allocations on:


•  Parameter sweeps. A designer varies twelve geometric parameters over a coarse grid. Even at five levels per parameter this is [image: ] configurations, so in practice one settles for a few hundred and hopes the response surface is smooth.

•  Uncertainty quantification. Propagating input uncertainty through a nonlinear model by Monte Carlo requires [image: ] samples for a target accuracy [image: ]. Reducing the error bar by a factor of ten costs a hundred times more solves.

•  Inverse problems. Recovering a subsurface density field from seismic traces means solving the forward problem hundreds or thousands of times inside an optimisation loop.

•  Ensembles. Operational weather centres run dozens of perturbed forecasts precisely because a single deterministic trajectory conveys no information about its own reliability.

•  Screening. A materials campaign may wish to evaluate [image: ] candidate compositions, where a single density functional theory calculation takes hours of node time.

The central observation. In all five cases the expensive object is not the individual solve but the repeated solve. The same operator, or a smoothly parameterised family of operators, is applied to many different inputs drawn from a distribution the scientist could describe if asked. That is precisely the setting in which amortisation — paying a large one-time cost to make each subsequent query cheap — becomes attractive.


Figure 1.1 shows where the cost concentrates in a conventional pipeline and which portion a learned model proposes to replace. Note carefully what is not replaced: the specification of the governing equations, the definition of the quantity of interest, and the final acceptance criterion. Those remain the scientist’s responsibility, and this book will argue repeatedly that they must.

[image: ]

Figure 1.1. The classical discretise-and-solve pipeline, annotated with the source of error and cost at each stage. The dashed region is what a learned surrogate offers to replace; everything outside it must still be supplied and checked by the practitioner.

What a foundation model is

The term foundation model entered wide use around 2021 to describe a model trained on broad data at scale that can be adapted to a wide range of downstream tasks. Three properties matter for our purposes, and it is worth separating them carefully, because the popular discussion tends to collapse them into the single word “large”.


Definition (Foundation model). A model [image: ] is a foundation model with respect to a task family [image: ] if (i) it is pretrained on a corpus that is not specific to any member of [image: ]; (ii) adaptation to any [image: ] requires substantially less data or compute than training from scratch; and (iii) the representation learned during pretraining transfers, rather than merely the architecture.


Property (iii) is the one that does the work. A randomly initialised architecture that happens to be well suited to a task is not a foundation model; it is a good architecture. The empirical claim behind the foundation-model programme is that pretraining discovers reusable structure — and in the scientific setting, that structure is often recognisably physical. Probing studies of large weather models find internal features that correlate with vorticity and geopotential gradients that were never supervised. Language models trained on chemistry corpora develop representations in which molecules with similar reactivity sit close together.

Scale, generality, and the emergence question

Scale alone buys predictable improvement. Empirical scaling laws of the form

[image: ]

relating validation loss [image: ] to parameter count [image: ] and dataset size [image: ], hold over many orders of magnitude in language modelling and, with different constants, in several scientific domains. Chapter 5 treats these in detail. The important qualification for scientific work appears in Figure 1.2: the irreducible term [image: ] is set by the information content




Four ways to use a foundation model in science




Mode 1: surrogate.


Mode 2: prior.


Mode 3: proposal.


Mode 4: agent.





What has actually been achieved


Medium-range weather forecasting


Protein structure prediction


Interatomic potentials


Plasma control and other closed loops



	
	
	
	
	
	[image: ]


	
	

	
	[image: ]


	
	

	
	[image: ]


	
	

	
	[image: ]


	
	

	
	[image: ]


	
	

	
	[image: ]


	
	


Where these methods fail


Silent extrapolation




Spectral bias


Benchmark leakage and split design


Conservation violation


The argument of this book





Prerequisites and notation





Exercises

	Take a computational workflow you know well. Estimate what fraction of its total cost is spent on repeated evaluation of a single map, and identify the input distribution over which that map is evaluated. Would a surrogate be worth amortising?

	Explain why a randomly initialised network with an excellent inductive bias does not satisfy the definition of a foundation model given in this chapter. Construct an experiment that would distinguish the two cases.

	For each of the four modes of Figure 1.3, state the cost of a single wrong output and the mechanism by which the error would be detected. Rank the modes by acceptable error rate and justify the ordering.

	A colleague reports 99.2% accuracy on a molecular property benchmark using a random split. What specific additional experiment would you request before believing the number transfers to a screening campaign? Predict the direction and rough magnitude of the change.

	Give a concrete physical example in which spectral bias would be harmless and one in which it would be disqualifying. What distinguishes them?

	(Open-ended.) The chapter claims a 95%-accurate surrogate with reliable error flags beats a 99%-accurate one without them. Formalise this as a decision problem with an explicit cost model, and determine the accuracy gap at which the claim reverses.


Further Reading
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