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Data-driven learning methods are emerging as the
foundations of evidence-based decision making and
scientific discovery. In collaboration with ExxonMobil (1
year CRADA), we are researching the use of modern AI
technologies in challenging scientific problems.

In this work, we consider the inverse problems such as
history matching in reservoir models. Our solution uses
deep learning-powered models, with inherent UQ
capabilities, that are designed to be consistent with the
underlying physics.
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HISTORY MATCHING IN RESERVOIR MODELS

Why are we building custom AI solutions for scientific problems?

• Scientific problems are under-constrained.

• Scientific data is challenging and limited.

• Requires varying levels of characterization.

• Uncertainty Quantification is critical.

• Models must articulate their decisions. 

CONCLUSIONS
• Suite of novel AI solutions for scientific problems – Beyond 

reservoir models.

• Our analysis revealed insights into the HD parameter space, 
previously unknown to our collaborators. 

• Success of this effort led to two new projects in FY2020-21.

Sophisticated computer simulations are routinely used to interpret experiments. Finding simulation parameters whose outcome mimics observed data is at
the core of scientific data analysis. We design novel AI methods for solving such inverse problems, which are provably effective and data-efficient.

COLLABORATORS 

High-resolution geological models (left) and low-resolution seismic data (right) are used
to characterize subsurface structure, in order to improve oil exploration and extraction.

History Matching involves the calibration of a
simulator to match observed historical data. Existing
approaches are either computationally intractable
or rely on simple priors.

ACCURATE AND PHYSICALLY CONSISTENT PREDICTIVE MODELS

ü Our model can ingest multiple diagnostic quantities recorded at 
different timestamps by the simulator.

ü Self-consistency enables us include complex physics priors.

ü Our model produces well-calibrated uncertainties. 

ü We infer complex, multi-modal posteriors.

ü High-fidelity surrogate for free!


