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Challenges A great number of methods for solving inverse problems are predicated on either
knowledge of the underlying forward model or availability of curated pairs of inputs and outputs
for a system of interest. More concretely, we can interpret a forward model as a causal conditional
distribution p(y|x; η) relating parameters of interest x to observations y under varying conditions η
(e.g., material feedstock, operating environments, performance constraints, or processing pipelines).
In this setting, inverse modeling in DOE-relevant applications faces three fundamental barriers:
task-specificity of existing models, limited access to complete or paired observations, and a lack of
principled methods for fusing information across tasks and information sources.

For example, consider the task of designing and manufacturing materials with bespoke micro-
and macro-scopic properties. For a given set of target properties one can run simulations and exper-
iments to find an optimal set (or distribution) of manufacturing parameters w.r.t. the laboratory
conditions. However, advancing through technology readiness levels necessarily induces a shift
in scale and associated operating conditions η, resulting in deviations from the estimated
performance. Most modern inversion techniques (e.g., MCMC, variational inference, regularized
reconstruction) are inherently tailored to individual tasks ηi or observations yi. Instead, inverse
models must be developed which generalize across varying operational regimes, as
well as techniques for “fingerprinting” new problems and assessing similarity to known
ones.

Likewise, many input/output pairs are simply unobservable due to practical limitations (such
as internal deformations within a deployed mechanical part) or safety considerations (such as ex-
perimental reactor responses in nearly-unstable regimes). When evaluating a novel manufacturing
process, the destructive nature of sample acquisition (e.g., load testing, focused ion beam milling,
surface indentation) prohibits us from capturing the material’s complete performance profile with
a single sample. Efficient and reliable inference in these situations requires models that
are capable of handling incomplete, corrupted, and multimodal observations.

Finally, the material and labor costs of experimentation requires carefully selecting which mea-
surements to collect and maximizing the information gained from each experiment. When only
limited information is available about the true underlying forward model, surrogates can be used
to interpolate observed/simulated responses y and impute missing observations. However, standard
learning-based surrogates often degrade dramatically outside of their training distribution, espe-
cially in rare, extreme, or previously-unobserved regimes. This limits our ability to transfer/fine-
tune previous surrogate models and necessitates a new set of ab nihilo experiments or high-fidelity
simulations. We argue that a central challenge for solving modern inverse problems is efficiently
querying the full process manifold — the joint space of inputs, outputs, conditions, and dynamics
that define the complex system’s behavior across tasks.

Opportunities Recent breakthroughs in generative deep learning [1, 2] now enable us to train
probabilistic models on partially-paired data approximating either the posterior [3] or the joint
distribution and arbitrary conditionals [4]. Likewise, incorporating physical domain knowledge via
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loss functions, encodings, and architectures has produced more stable and extrapolable surrogate
models with reduced training data requirements [5]. Integrated strategically, these approaches could
allow us to infer joint probabilistic latent spaces (for both parameters and observations) across
tasks, as well as task-specific stochastic linkages [6]. However, deep generative surrogates still
require large amounts of training data.

Long-term investments in experimental and HPC facilities have positioned DOE to generate
large datasets for problems of interest. Using these resources efficiently necessitates developments
in uncertainty-aware, multi-task batch active learning. Especially when the true forward model is
unknown, balancing forward and inverse uncertainty is crucial to efficiently explore the manifold
of x ↔ y linkages (both forward [7] and inverse [8]) and refine predictions at critical scenarios
of interest. Unifying the criteria of exploration, calibration, and information maximization in
a sequential decision-making process would enable autonomous exploration of complex inverse
linkages with reduced experimental and simulation time, human labor, and capital costs.

Finally, given the myriad simulation and learning-based surrogates available today, there is
both opportunity and need to construct a spectrum of models for a given task. Rather than
selecting simulators or experiments based on a hierarchy known or assumed fidelities, we propose
treating different experiments as probabilistic projections of the underlying process manifold. This
necessitates a means of estimating how much information each data source can provide for a given
objective, motivating a probabilistic, Bayesian perspective [9]. This approach would allow for
principled, real-time integration of diverse information sources – from high-fidelity simulation to
low-cost experimental data – within a unified probabilistic framework. Fusing data sources with
adaptive, data-efficient strategies could accelerate scientific discovery across DOE-relevant domains.

Innovation The described opportunities in amortized, multi-task inverse modeling leveraging
several sources of incomplete and noisy data will allow us to significantly accelerate scientific dis-
covery while minimizing the resources required to collect data (simulation or experiment) by maxi-
mizing information exploitation with impact across DOE offices, including materials discovery and
manufacturing, bioreactors, and reconstruction in high-energy science. Exploring the full process
manifold for such tasks would require a massive-scale collaboration across laboratories, as well as
the knowledge-management infrastructure to support it. Once constructed, however, an inverse
foundation model could enable a virtuous cycle wherein each new task requires progressively fewer
measurements to perform actionable and reliable inference.
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