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PISCEES - Quantification of Uncertainty in Sea-Level Rise from Next-Generation Ice Sheet Models

QUANTIFICATION OF UNCERTAINTY IN EXTREME COMPUTATIONS

(1) Background and Motivation

The Initialization Problem

In order to conduct experiments about how the Antarctic and Greenland ice sheets could respond to changes in their environment, one needs to initialize the ice flow model
so that it realistically simulates how modern ice sheets maintain their current states of mass balance. However, observations of Greenland and Antarctic ice sheets do not
completely constrain boundary conditions and other processes, particularly at the rock-ice (basal) and ocean-ice (lateral) interfaces. This lack of adequate observations and
understanding means there can be multiple ways to construct and initialize an ice flow model and maintain consistency with observations. A primary goal for PISCEES efforts
in uncertainty quantification is to represent these sources of uncertainty within model predictions of future sea level.
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Solution Strategies: Sampling- and Adjoint-based methods

We will use non-intrusive (sampling-based) and intrusive (adjoint-based) methods to identify an optimal ice flow model initial state (velocities, temperatures, and thicknesses)
and boundary conditions that minimize the distance to observations. These same methods can be used to seek the set of possible solutions around this optimal solution, given
uncertainties in the data constraints, the model, and ice flow parameters. The impacts of these uncertainties on predictions of sea level can then be assessed through forward
integrations with appropriate estimates of environmental forcing. The two approaches each have their strengths that address different challenges to this task.

cost(m,Q) — log-likelihood (m,Q) — (¥ (U, T,H I m, L) - Obs)T C'(¥(U,T,HIm,Q)-Obs)

cost or log-likelihood vs

U : velocity Initial State Solution Density Ice Sheet Model Prediction of Sea Level Rise
state control parameters 02F | I I | R
T : temperature E MAP por B 4 yr ensemble
H : thickness 5|\ adjoint-based o 0.1+ s
= solutions N
m : parameters o 2
o o 0 y
(2 : boundry conditions S l . . l
e . 2 1850 1900 1950 2000 2050 2100
C  :1nverse of covariance of errors v sampling-base solutions year
¥ (U,T,HIm,Q)— initial state ¥(U.T.HIm.Q) Initial Con@(mﬂ)
Challenges
1. Sampling high dimensional parameter space uncertainties (e.g. 2d maps of QUEST help with adjomt-based solutions
basal traction coefficients, boundary conditions). 1. Adjoints are invaluable for finding the MAP point, or optimal fit between the model and
2. Data may be incompatible with model physics. observations (e.g., see Section 3).
3. We assume steady state, although unlikely to be true. 2. Derivative-based UQ seeks to exploit sensitivity (1st-derivative, or adjoint) and
4. Forcing from climate model contains long-term average errors (or “biases”) geometric (2nd-derivative, curvature or Hessian) information. How best to do this is one
within both the atmosphere and ocean models. of our research goals, and we are exploring how best to make use of DAKOTA tools.
] ] ] 3. Adjoint-based UQ research is being conducted in the following three areas:
QUEST help with sampllng-based solutions I. inverse propagation: Combine parameter uncertainties and observation
1. Use DAKOTA to develop cheaply sampled surrogate ice sheet models, to uncertainties to estimate a quality of the fit of the model to observational data.
represent behavior of models at arbitary points in parameter space ii. derivative-enhanced sampling: Hessian eigenvectors are a close-to-optimal
2. Parameterize high dimensional unknowns with a few parameters. Not clear how basis for sampling dominant uncertainties and reducing the space that describes
to do this for some boundary conditions such as topography and basal traction. what matters to science. This may help to address the “curse of dimensionality” and
An example for surface mass balance is given in Section 2. improve sampling efficiency.
4. Include descrepancy term or scaling factor in log-likelihood to account for biases. iii. forward propagation: From a defined quantity of interest, adjoint and Hessian infor-
5. How to account for the lack of treatment of transients in solutions? mation links parameter, model, and data uncertainties to prediction uncertainties.

References

1.

2.

W

© 0O ~NO O~

Gutowski, G., C. S. Jackson, B. Sacks, J. Fyke, and B. Lipscomb. Estimates and impacts of surface mass balance biases on estimates of the Greenland Ice Sheet contribution to future sea
level (in prep).

Price, S. F., Payne, A. J., Howat, |. M. & Smith, B. E. Committed sea-level rise for the next century from Greenland ice sheet dynamics during the past decade. P Natl Acad Sci Usa 108,
8978-8983 (2011).

. Larour, E., Seroussi, H., Morlighem, M. & Rignot, E. Continental scale, high order, high spatial resolution, ice sheet modeling using the Ice Sheet System Model (ISSM). J. Geophys. Res

117, (2012).

. Ettema, J. et al. Higher surface mass balance of the Greenland ice sheet revealed by high-resolution climate modeling. Geophys. Res. Lett., 36 (2009).

. Gillet-Chaulet, F. et al. Greenland ice sheet contribution to sea-level rise from a new-generation ice-sheet model. The Cryosphere 6, 1561-1576 (2012).

. Perego, M., Price, S.F., Stadler, G. Optimization of ice sheet model initial conditions for coupling to earth system models (in prep).

. http://www.lifev.org

. Goldberg, D. and P. Heimback. Parameter and state estimation with a time-dependent adjoint marine ice sheet model. The Cryosphere Discussions, 7, 2845-2890 (2013).
. Kalmikov, A. and P. Heimbach. A Hessian-based method for Uncertainty Quantification in Global Ocean State Estimation. SIAM J. Scientific Computing (submitted).

Charles Jackson (UT Austin) & Stephen Price(LANL)
M. Eldred (SNL), P. Heimbach (MIT), J. Jakeman (SNL), I. Kalashnikova (SNL), M. Perego (SNL), A. Salinger (SNL), G. Stadler (UT Austin)

SciDAC

Scientific Discovery through Advanced Computing

(2) Sampling-Based Methods (3) Progress Using Adjoint-Based Methods

Initial Goals

1. Incorporate DAKOTA libraries into code base and implement test problems. (below)

Problem 1: Coupled Ice Sheet and Climate Model Initialization
A number of methods for optimizing uncertain ice sheet model parameters have been proposed and applied recently (e.g 2,3). One example2 is shown in Fig. 3.1, in which
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impacts on predictions of sea-level rise using forcing from the Community Earth System

F“ shown in Fig. 3.2 (right), is noisy and unphysical. This presents a significant problem for coupling between ice sheet models and climate models: in steady-state, the surface
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Figure 2.5: Ensemble predictions of Greenland ice sheet contributions to sea level to 2100 given different levels of uncertainties in SMB.
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sea-level rise at 2100.



