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Abstract.

Antarctica’s Lambert–Amery system is often considered resilient to future climate changes owing to strong buttressing by

the Amery Ice Shelf, yet emerging projections through 2300 suggest that sustained ocean warming could substantially alter

its long-term mass balance. While recent probabilistic studies quantify present-day parametric uncertainty and propagate it

to future sea-level contribution projections, they do not assess how rapidly these uncertainties will contract as forthcoming5

observations are assimilated. Here we quantify future learning rates for the Amery sector by building a sequential Bayesian

calibration workflow that uses present-day (year 2015) as well as synthetic future observations to evaluate how quickly forth-

coming data can tighten projections of sea-level contribution through 2300. Using simulations from the MPAS-Albany Land

Ice (MALI) model augmented by Gaussian process emulators, we first generate 100 synthetic future observation trajectories

of cumulative grounded mass change at 15-year intervals (2030–2300) under a high-greenhouse-gas-emission scenario, draw-10

ing from the present-day posterior distributions of six uncertain input parameters related to ice flow, calving, and ice-shelf

melting. For each trajectory, we then sequentially recalibrate parameters at each analysis year using the present-day and all

synthetic observations available up to that year, and propagate the recalibrated parameter uncertainties to generate updated

projections of sea-level contribution. We quantify learning as the reduction in 90% credible interval widths for both MALI

parameters and sea-level contribution projections, characterizing variability across the 100 trajectories to assess uncertainty15

in the learning rate itself. Results reveal substantial but parameter-dependent learning, with the ice-shelf melt coefficient and

basal slip exponent exhibiting the largest uncertainty reduction (≳ 8-fold by 2300). Learning about future sea-level contri-

bution is time-horizon dependent: end-of-century (2100) projections show limited contraction (30% reduction in very-likely

ranges), whereas year-2200 and year-2300 projections exhibit rapid learning (∼ 6-fold reduction) after substantial ice-shelf

thinning projected around 2150 creates stronger dynamic response which aids parameter learning. These findings indicate that20

near-term Amery contributions will remain difficult to tightly bound until substantial dynamical changes manifest (post-2150

in these simulations), but that sustained observations through that transition have high impact for reducing long-horizon risk.

While our perfect-model assumption and simplified likelihood structure represent simplifications, the results provide guidance

for assessing future learning of ice-sheet behavior.
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1 Introduction25

The mass change of the Antarctic Ice Sheet is one of the largest uncertainties in future sea-level change (Edwards et al.,

2021; Fox-Kemper et al., 2021), creating deep uncertainty in coastal risk assessment and adaptation planning (Bakker et al.,

2017-02; Kopp et al., 2019). The response of the Antarctic Ice Sheet to changes in climate is subject to threshold processes and

instabilities related to ice flow and fracture, basal processes, and interactions with the atmosphere and ocean (Hanna et al., 2024;

Noble et al., 2020; Pattyn and Morlighem, 2020). Ice-sheet models represent many of these processes with parameterizations30

that include uncertain parameters that can only be partially calibrated from historical observations, and sometimes not at all.

Because these uncertain processes propagate into sea-level projections, recent work has increasingly emphasized proba-

bilistic frameworks, Bayesian calibration, and surrogate modeling to quantify parametric uncertainty and project it forward

(Little et al., 2013; Lee et al., 2020; Wernecke et al., 2020; Bulthuis et al., 2019; Berdahl et al., 2021, 2023; Recinos et al.,

2023). Methodologically, Bayesian calibration builds on foundational frameworks for calibrating models to uncertain obser-35

vations while representing residual discrepancy (Kennedy and O’Hagan, 2001; Higdon et al., 2008). In ice-sheet contexts,

these approaches are often coupled with computational strategies including statistical emulation, multi-fidelity methods, and

reduced-order representations to make calibration and uncertainty propagation feasible for expensive transient simulations

(e.g. Wernecke et al., 2020; Berdahl et al., 2021; Jakeman et al., 2025). Recent calibrated projections demonstrate the practical

value of these ideas for constraining future ice-mass loss using present-day observations, particularly in dynamically sensitive40

regions (Bevan et al., 2023; Felikson et al., 2023; Aschwanden and Brinkerhoff, 2022; Coulon et al., 2024; Rosier et al., 2025).

However, even when present-day uncertainties are quantified, a critical gap remains: decision-makers need to understand

not only today’s uncertainty, but also the rate at which uncertainty may shrink as new observations accumulate. This “future

learning” perspective is central to adaptive policy under deep uncertainty: if learning is expected to be rapid, it may support

some degree of wait-and-see flexibility; if learning is slow, it strengthens the case for earlier precautionary action (Urban45

et al., 2014; Kelly and Kolstad, 1999; Leach, 2007; Hope, 2015). While learning-rate concepts have been explored extensively

for climate sensitivity and related quantities (Urban et al., 2014; Leach, 2007; Libardoni et al., 2018), they have received

substantially little attention for ice-sheet projections, which have unique challenges related to both susceptibility to abrupt

instabilities and long response times.

Here, we explore the application of future learning methods to ice-sheet projections by focusing on a single drainage basin50

of the Antarctic Ice Sheet to aid interpretability. The Lambert–Amery system (hereafter “the Amery sector”) drains a large

fraction (16%) of the East Antarctic Ice Sheet (Fricker et al., 2002) and is a good target for exploring future learning because

it has exhibited little historical change (King et al., 2009; Jantre et al., 2024), limiting the observed behavior over which

parameters can be calibrated. Additionally, while the Amery sector has traditionally been considered comparatively resilient to

ocean-driven changes because the Amery Ice Shelf provides strong buttressing (Pittard et al., 2017), recent work has suggested55

that sustained ocean warming could cause loss of the ice shelf and rapid increase in discharge of grounded ice into the ocean

(Seroussi et al., 2024; Jantre et al., 2024). Thus, the Amery sector represents a situation where historical observations have a

limited ability to constrain future behavior and there is a high potential for future learning.
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To this end, we quantify future learning rates for the Amery sector by combining sequential Bayesian calibration with

synthetic future observations of cumulative grounded mass change. We build directly on recent probabilistic projections for60

the Amery sector under high basal melt conditions (Jantre et al., 2024) to provide synthetic future observations. Our workflow

explicitly represents uncertainty in key parameters controlling ice dynamics and ice-shelf melt forcing and evaluates how

posterior predictive uncertainty in sea-level contribution evolves as additional synthetic future observations are assimilated. By

doing so, we provide a quantitative characterization of learning timescales for a major Antarctic Ice Sheet sector and identify

relationships between observational frequency/type and uncertainty reduction.65

The remainder of the paper is organized as follows. Section 2 outlines the modeling approach, including the generation

of synthetic future observations (Section 2.1), the sequential Bayesian calibration (Section 2.2), and the propagation of recali-

brated uncertainties to probabilistic sea-level contribution projections (Section 2.3). Section 3 presents results on future learning

of MALI parameters (Section 3.1) and learning of sea-level contribution projections across time horizons (Section 3.2). Sec-

tion 4 interprets these findings, highlights implications for observing-system design and methodological choices, and places70

the work in the context of related studies. Section 5 offers concluding remarks and directions for future work.

2 Data and methods

We perform sequential Bayesian calibration of the model parameters for the Amery Ice Shelf (AmIS) catchment region using

the MPAS-Albany Land Ice (MALI) (Hoffman et al., 2018) model-based perturbed-parameter simulation ensemble developed

in Jantre et al. (2024). Specifically, we adopt the six MALI input parameters — ice stiffness scaling factor (Cϕ), basal friction75

scaling factor (Cµ), basal slip exponent (q), calving yield stress (σmax), ice-shelf melt coefficient (γ0), and ice-shelf basal

melt rate (m) — and their expert-knowledge-driven priors from their work (refer to Table 1 of Jantre et al. (2024)). Following

Kennedy and O’Hagan (2001), we update the parameter distributions conditioned on observations using Bayes’ rule,

p(θ|D)∝ p(D|θ)p(θ),

as additional data are considered sequentially. Accordingly, from Jantre et al. (2024) we also acquire the three observables80

— mass balance, grounding line movement, and calving front movement — for present-day (year 2015) calibration with

corresponding Gaussian process (GP) emulators trained on the historical relaxation (RELX) ensemble. Furthermore, we adopt

their SSP5 projection ensemble branched from RELX under UKESM SSP5-8.5 forcing (“expAE05” in Seroussi et al. (2024))

along with a Principal Component Analysis (PCA) GP emulator trained on this ensemble to generate time series projections

of sea-level contribution from AmIS. We then adapt the future-learning framework of Urban et al. (2014) to quantify the85

rate at which additional observations over time in the future could tighten parameter posteriors and the associated sea-level

contribution projections. Specifically, we define the rate of learning, or learning rate, as the reduction in the width of the

90% central credible intervals (IPCC “very-likely" range Kause et al. (2022)) of model parameters and sea-level contribution

projections over time. Hereafter, all credible intervals reported are central credible intervals.
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2.1 Synthetic future observations90

We quantify the rate of future learning with additional synthetic observations of a single observational constraint: the cu-

mulative grounded mass change of the AmIS catchment. For the present-day, we calibrate inputs using the three large-scale

observables from Jantre et al. (2024) — mass balance (i.e., grounded mass-change rate), grounding-line, and calving-front

movements — with their stated likelihood models. For t > 2015, we restrict attention to cumulative grounded mass change for

two reasons. First, the rate variables used for present-day calibration fluctuate frequently, while cumulative changes integrate95

over them, naturally smoothing instantaneous changes — making cumulative measure a more stable target for statistical emu-

lation than instantaneous rates. Second, for simplicity, we consider only one observable in the sequential Bayesian calibration

for future years. As cumulative grounded mass change is the time integral of annual grounded mass-change rates, we propagate

observational uncertainty by summation. To this end, the observational noise standard deviation of grounded mass change rate

in 2015 is 5.720 Gtyr−1 (Jantre et al., 2024), and we assume this annual noise level persists unchanged through 2300. Then100

the observational noise variance for cumulative grounded mass change from year t > 2016 is given by

σ2
o,t = (5.720 Gtyr−1)2 × δ, with δ = t− 2016.

Hence, σ2
o,t grows linearly with δ, reflecting increasing observational uncertainty over time.

To generate synthetic future observations for sequential calibration, we proceed as follows. We obtain the simulated cu-

mulative grounded mass change values from the SSP5 ensemble of Jantre et al. (2024). We then train scalar GP emulators105

that map the six input parameters to cumulative grounded mass change at every fifteenth year from 2030 to 2300, yielding 19

emulators. The GP emulators use a linear mean and a separable twice mean-square differentiable Matérn covariance kernel

with smoothness parameter (ν = 2.5), providing adequate smoothness while avoiding the over-smoothing associated with the

infinitely differentiable squared-exponential kernel. Emulator skill is assessed via five-fold cross-validation (as in Jantre et al.

(2024)); after validation, the emulators are refit on the full SSP5 ensemble for subsequent use. Cross-validation diagnostics for110

GP emulators of cumulative grounded mass change at years 2150 and 2300, as well as diagnostics assessing emulation skill

jointly across all analysis years, are included in Appendix A. We omit these diagnostics for the remaining individual analysis

years for brevity.

Next, we draw 100 input-parameter vectors, θi, from the present-day posterior and pass them through the 19 GP emu-

lators for the selected analysis years, producing 100 estimates of cumulative grounded mass change for each analysis year115

t ∈ {2030,2045, . . . ,2300}. We then form each synthetic future observation of cumulative grounded mass change by sampling

from N(µt,i, σ
2
o,t+σ2

c,t,i), where µt,i is the emulator prediction at the t-th analysis year for the i-th parameter vector draw (θi).

Furthermore, σ2
c,t,i denotes the code uncertainty which is the GP predictive variance at (θi, t), capturing the emulator error. We

treat this term as independent of the observational variance σ2
o,t and set the sampling variance to σ2

o,t +σ2
c,t,i when generating

synthetic observations. Fig. 1 illustrates a few synthetic future observation trajectories. These synthetic observation trajectories120

are then used in our sequential Bayesian calibration to update parameter posteriors year by year and to quantify the rate of

future learning. In other words, each of these synthetic future observation time-series represents a possible future trajectory of
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Figure 1. Example synthetic future-observation trajectories of cumulative grounded mass change, sampled every 15 years from 2030 to 2300

the AmIS catchment’s cumulative grounded mass change; because we cannot know the true future trajectory, we consider the

100 sampled future trajectories based on the Bayesian calibration of model parameters to the present-day observables.

2.2 Sequential Bayesian calibration125

We perform sequential Bayesian calibration using the synthetic future observations described above. For each analysis year t ∈
T = {2030,2045, · · · ,2300}, the observable data comprise (i) three present-day observables and (ii) the cumulative grounded

mass change evaluated at all quindecennial (15-year) times t′ ∈ T with t′ ≤ t. We map the MALI inputs to each observable

using their corresponding scalar GP emulators — three GPs for the present-day observables and one scalar GP each for the

cumulative grounded mass change for all the years evaluated up to and including the analysis year t.130

Starting from the posterior conditioned on the 2015 observables (“present-day posterior"), we update the parameter poste-

riors separately for each analysis year t using all the observables up to t. The likelihood is modeled as a product of univariate

Gaussian distributions across observables, i.e., a multivariate Gaussian with diagonal covariance. For the 2015 metrics, like-

lihood variances add observational and code uncertainties (as in Jantre et al. (2024)). For cumulative grounded mass change

at analysis year t and current parameter vector draw θi, we use σ2
o,t from the previous section and add code uncertainty σ2

c,t,i,135

so the effective variance is σ2
o,t +σ2

c,t,i. For tractability, we assume independence among the 2015 observables (as in Jantre

et al. (2024)) and across future years for the cumulative grounded mass-change observations; we acknowledge that this may

understate temporal correlation and treat it as a limitation. Bayesian calibration and sequential updating follow Kennedy and
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O’Hagan (2001). Posterior sampling at each t uses the No-U-Turn Sampler (NUTS) with a dense covariance matrix, drawing

100,000 samples per calibration (after 100,000 burn-in samples), using the probabilistic programming language Turing.jl140

(Fjelde et al., 2025).

To quantify sensitivity to future observations considered, we treat each set of synthetic future observations over quindecen-

nial times in {2030,2045, · · · ,2300} collected by drawing a single input parameter vector from the present-day posterior as

a distinct future trajectory with a sequence of observables: {y2030,y2045, . . . ,y2300}. In turn, the calibrations are parallelized

across the 100 trajectories, with each trajectory involving 19 analysis years, yielding 1900 concurrent calibration runs on a145

high-performance computing cluster.

2.3 Probabilistic future learning

We propagate uncertainties in MALI parameters through a multivariate PCA GP emulator, adopted from Jantre et al. (2024),

trained and validated on a low-dimensional representation of volume-above-flotation (VAF) change time series from the SSP5

projection ensemble. Emulator outputs are then converted to sea-level equivalent (SLE) following definitions in Goelzer et al.150

(2020), yielding probabilistic SLE projections. Specifically, the leading five principal components of the VAF-change time

series are emulated using scalar GPs as functions of the MALI parameters. Emulator predictions in PC space are back-

transformed to the full space to obtain distributions of future VAF-change, which are then converted to SLE projections.

To this end, for each of the 100 synthetic future observation trajectories of the AmIS catchment generated in Section 2.1, we

repeat the sequential Bayesian calibration procedure described in Section 2.2 to obtain parameter posteriors at each analysis155

year t ∈ T . We evaluate the probabilistic rate of future learning of model parameters via reductions in credible-interval widths

across the 100 trajectories, thereby capturing the associated uncertainty. Next, we recalibrate our SLE projections by propa-

gating the recalibrated posterior samples of model parameters through the PCA GP emulator, as if new observations became

available every 15 years (Sec. 2.2) to quantify how uncertainty (measured by credible-interval width) in the future SLE projec-

tions contracts with additional “observed” information. We repeat this procedure across all 100 trajectories to characterize the160

range of future-learning behaviors, since the true trajectory of observations in the future is unknown and each synthetic trajec-

tory yields a different future-learning behavior. This, in turn, allows us to quantify uncertainty in the rate of future learning of

probabilistic projections of sea-level contribution.

3 Results

3.1 Probabilistic future learning of MALI parameters from sequential Bayesian calibration165

Fig. 2 illustrates sequential Bayesian calibration by showing the posterior distributions of the MALI parameters for a single

synthetic future-observation trajectory. As additional observations of cumulative grounded mass change are assimilated, param-

eter posterior distributions contract markedly. The posterior contractions are significant for all parameters, with especially large

uncertainty reductions for the basal slip exponent (q), basal friction scaling factor (Cµ), and ice-shelf melt coefficient (γ0). As
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Figure 2. Sequential Bayesian calibration of MALI parameters, illustrated by their kernel density estimates across analysis years for a single

randomly chosen future-observation trajectory. Present-day (year 2015) posteriors and priors are shown as red solid and green dashed lines,

respectively. The sample from the present-day posterior used to generate the underlying synthetic future-observation trajectory is indicated

by a vertical black dash-dotted line.

a further illustration, we extend this analysis in Fig. 3, which summarizes results for future learning of MALI parameters across170

four randomly selected future-observation trajectories (one of which matches Fig. 2 and is shown as the plum-colored trajec-

tory with a corresponding similarly shaded, fainter confidence band). We observe substantial future learning for the basal and

ice-shelf slip exponents as additional observations are incorporated into calibration. The remaining parameters show reduced

uncertainties but remain indiscernible across trajectories due to significant overlap among their shaded credible interval bands

by 2300. The apparently weaker learning for these other parameters largely reflects the summary chosen here — plotting 90%175

credible intervals around the posterior mean over analysis years — versus the full posterior densities in Fig. 2, where visual

attention tends to focus on the peak. We also observe that the recalibrated posterior means generally converge to the parameter

values used to generate the corresponding future-observation trajectories, with one exception of calving yield stress (σmax).

This misalignment in case of σmax is possibly due to the finite time horizon considered in sequential Bayesian calibration and
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Figure 3. Future learning of MALI parameters over time for four randomly chosen synthetic future-observation trajectories. Thick lines and

shaded bands denote posterior means (best estimate) and associated 90% credible intervals (very-likely range), respectively. Diamonds on the

right of each panel indicate the parameter values drawn from its present-day (year 2015) posterior used to generate corresponding synthetic

future-observation trajectory.

incorporating additional observables over the same period or extending the horizon beyond 2300 could ameliorate it, which we180

leave for future work.

Having demonstrated future learning for one and four trajectories as illustrations, we now turn to evaluating future learning

for the entire ensemble of the 100 sampled trajectories. To assess reductions in parameter uncertainty across all trajectories,

Fig. 4 summarizes, for each parameter across analysis years, the width of the 90% credible interval (very-likely range). Specif-

ically, we plot the across-trajectory mean (best estimate) learning curve with 66% credible-interval bands indicating the likely185

ranges, per IPCC usage (Kause et al., 2022). This framing allows us to evaluate the probabilistic rate of future learning for

the MALI parameters. To this end, uncertainty reduction occurs across all parameters, a result less apparent in Fig. 3 because

of overlapping very-likely parameter ranges. By 2300, the across-trajectory best estimate of the very-likely range width is re-

duced substantially for log(γ0) and q, and moderately for σmax, Cµ, Cϕ, and m. Consistent with their discernible learning

curves in Fig. 3, the largest uncertainty reductions are observed for ice-shelf melt coefficient and basal friction exponent: for190

log(γ0), 2.532 in 2015 to 0.250 [0.136 to 0.386] in 2300; for q, 0.172 in 2015 to 0.021 [0.015 to 0.025] in 2300. These changes
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Figure 4. Future learning of MALI parameters. Evolution of parameter uncertainties over time across 100 synthetic future-observation

trajectories generated and assimilated using sequential Bayesian calibration. We assess future learning using the width of the 90% credible

intervals (very-likely ranges) for each parameter at each analysis year across future trajectories; smaller values indicate greater learning.

Example trajectories of 90% credible interval widths over time are shown using dashed lines for a few individual future trajectories used for

calibration, illustrating trajectory-to-trajectory variability in learning arising from different realizations of synthetic future observations. The

thick curve is the across-trajectory mean (best estimate) of the very-likely range widths and the shaded band denotes the across-trajectory 66%

credible interval (likely range), summarizing how quickly uncertainty is expected to contract on average and how uncertain that contraction

is, respectively. By 2300, the uncertainties in MALI parameters are reduced substantially for log(γ0) and q, and moderately for σmax, Cµ,

Cϕ, and m. We also provide same plot without the example trajectories of future learning in Fig. B1 of Appendix B.

correspond to an ∼ 10× reduction in uncertainty for log(γ0) and an ∼ 8× reduction for q. For log(γ0), reduction is fast until

2075, moderate from 2075–2195, and slower from 2195–2300, with the likely band remaining narrow until 2075, then widen-

ing slightly and staying roughly constant through 2300. For q, reduction is gradual through 2165, rapid from 2165–2225, and

slower from 2225–2300, with the likely band widening gradually until 2180, after which narrowing through 2300.195
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Figure 5. Future learning of sea-level contribution (millimeters SLE) projections at years (a) 2100, (b) 2200, and (c) 2300 across the same

four future trajectories considered in Fig. 3. Thick lines denote posterior predictive means (best estimate) of SLE projections; shaded bands

denote 90% credible intervals (very-likely ranges).

For σmax, uncertainties reduce from 34.09 kPa in 2015 to 25.73 [22.53 to 28.80] kPa in 2300 — an ∼ 25% reduction. The

reductions are slow till 2150, moderate from 2150–2225, and again slow from 2225–2300, with likely band widening till

2045 and staying roughly constant through 2300. For Cµ, uncertainties reduce from 0.233 in 2015 to 0.091 [0.056 to 0.114] in

2300–an ∼ 60% reduction. The reductions are moderate till 2150, faster from 2150–2225, and slower from 2225–2300, with

likely band gradually widening till 2150, narrowing from 2150–2195, and then stay roughly constant through 2300. For Cϕ,200

uncertainties reduce from 0.206 in 2015 to 0.090 [0.062 to 0.113] in 2300–an ∼ 56% reduction. The reductions are moderate

till 2150, slightly faster from 2150–2225, and slower from 2225–2300, with likely band widening till 2045 and staying roughly

constant through 2300. For m, uncertainties reduce from 30.48 Gt yr−1 in 2015 to 18.75 [16.83 to 20.99] Gt yr−1 in 2300–an

∼ 38% reduction. The reductions are slow till 2060, faster from 2060–2165, and slower from 2165–2300, with likely band

widening till 2120, slightly narrowing from 2120–2165, and then staying roughly similar through 2300.205

3.2 Probabilistic future learning of sea-level contribution projections

In order to examine how sequentially calibrated MALI parameters would impact the SLE projections, we generate 5,000

samples of recalibrated MALI parameters over analysis years across the 100 future trajectories. We then propagate these

samples through the PCA GP emulator trained on the SSP5 projection ensemble to predict SLE time series projections through

2300. For concision, we only report the future learning results for SLE projections at 2100, 2200, and 2300. Fig. 5 illustrates210

future learning of SLE projections at 2100, 2200, and 2300 across the same four future trajectories as in Fig. 3. Across

those trajectories, SLE projection uncertainties at 2100 (Fig. 5a) remain indiscernible as information from more future years

is introduced due to overlapping very-likely ranges. For SLE projections at 2200 (Fig. 5b) and 2300 (Fig. 5c), we observe

substantial future learning across each trajectory over analysis years as additional observations are included in calibration.

We evaluate future learning of SLE projections across all 100 trajectories in Fig. 6 using the widths of the very-likely SLE215

ranges at 2100, 2200, and 2300. We plot the across-trajectory mean (best estimate) curve of those widths as well as their likely

bands. For 2100 (Fig. 6a), uncertainty declines from 5.89 mm SLE in 2015 to 4.17 [2.80 to 5.09] mm SLE in 2090, a 30%
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Figure 6. Future learning of sea-level contribution projections. Evolution of sea-level contribution (millimeters SLE) projection un-

certainty at (a) 2100, (b) 2200, and (c) 2300 across 100 independent synthetic future–observation trajectories generated and assimilated

using sequential Bayesian calibration. We assess future learning using the width of the 90% credible intervals (very-likely ranges) for each

projection year’s sea-level contribution at each analysis year across future trajectories; smaller values indicate greater learning. Example tra-

jectories of 90% credible-interval widths over time are shown using dashed lines for a few individual future trajectories used for calibration,

illustrating trajectory-to-trajectory variability in learning arising from different synthetic future-observation trajectories. The thick curve is

the across-trajectory mean (best estimate) trajectory and the shaded band denotes the across-trajectory 66% credible interval (likely range),

summarizing how quickly uncertainty is expected to contract on average and how uncertain that contraction is, respectively. We also provide

same plot without the example trajectories of future learning in Fig. B2 of Appendix B.

reduction, with slow decline throughout the learning period and widening likely band. For 2200 (Fig. 6b), uncertainty reduces

from 66.13 mm SLE in 2015 to 12.28 [10.65 to 13.37] mm SLE in 2195, an ∼ 6-fold reduction, with fast contraction until 2075

and gradual reduction from 2075–2195. Moreover, the likely band remains wide until 2105, after which it reduces gradually220

from 2105–2195. For 2300 (Fig. 6(c)), uncertainty reduces from 78.40 mm SLE in 2015 to 13.02 [10.24 to 15.47] mm SLE in

2300, an ∼ 6× reduction, contracting at a moderate rate until 2225 and at slow rate thereafter from 2225–2300. Herein, the

likely band stays wide until 2225, after which it tightens and remains narrow through 2300.

4 Discussion

4.1 Physical interpretation of future learning of MALI parameters225

As described in Sec. 3.1, there is substantial difference in the degree and timing of learning across the six MALI parameters

(Fig. 4). The degree of learning is greatest for log(γ0), with an ∼ 10-fold reduction in the across-trajectory best estimate of

widths of the very-likely ranges as more synthetic observations are introduced between 2015 and 2300. The log(γ0) parameter

controls how strongly prescribed changes in ocean thermal forcing translate into changes in ice-shelf basal melting. Because

ice-shelf basal melting is the dominant control on grounded ice discharge through its modulation of ice-shelf buttressing,230

this parameter effectively controls the magnitude of forcing on the glacier system. As anomalies in grounded ice discharge

directly contribute to grounded mass change, our synthetic observations of cumulative grounded mass change strongly inform

this parameter. Notably, learning about log(γ0) begins around 2050 (Fig. 4e) when the prescribed ocean thermal forcing first

11

https://doi.org/10.5194/egusphere-2026-1585
Preprint. Discussion started: 4 May 2026
c© Author(s) 2026. CC BY 4.0 License.



begins to increase (Fig. 7a), and rapid learning occurs in the subsequent 25 years, with about half of all learning occurring by

2075 (Fig. 4e). Simulated melt rates are proportional to the product of log(γ0) and the square of thermal forcing, making it235

relatively easy for the Bayesian calibration to reduce the uncertainty in the true value of log(γ0) once thermal forcing begins to

change and evolving melt rates modulate ice discharge. Consistent with this interpretation, learning rates of log(γ0) decrease

but remain significant between 2075 and 2200, which is a period of slower continued increase in thermal forcing. Finally,

further learning tails off after 2200, when changes in thermal forcing become small. In other words, the rate at which ocean

conditions change controls the rate at which the calibration can learn about the parameter relating ocean conditions to ice240

discharge. This is consistent with a more strongly forced system in principle leading to faster learning (Urban et al., 2014).

However, interestingly we do not see a change in learning rate of log(γ0) when most floating ice is rapidly lost between 2125

and 2150 for most trajectories (Fig. 7b). A possible explanation is that the small amount of floating ice remaining through 2200

(Fig. 7e) is still providing sufficient backstress to affect glacier dynamics.

We note that the learning rate of log(γ0) at a given analysis year is fairly consistent regardless of what the true value of245

log(γ0) is, as indicated by the relatively tight uncertainty bands on the width of the very-likely ranges across all trajectories

over the entire time period (faint green bands in Fig. 4e). This is consistent with our interpretation that changes in thermal

forcing are driving the learning about log(γ0); the linear relationship between log(γ0) and ice-shelf melting combined with the

direct relationship between ice-shelf melting and the grounded mass change observable yield learning of similar rates whether

the true value of log(γ0) is small or large.250

The parameter with the second largest degree of learning is the basal slip exponent, q, which exhibits an ∼ 8-fold reduction

in uncertainty (Fig. 4b). Learning about q occurs at the fastest rate from 2165–2225, just after most of the ice shelf has been

eliminated in most trajectories due to intense ice-shelf basal melting (Fig. 7b). This sudden loss of buttressing imparts a

strong change to the glacier stress balance, and the resulting change in ice flow speed needed to accommodate that is strongly

controlled by the degree of basal plasticity (Nias et al., 2018; Hillebrand et al., 2022; Brondex et al., 2019). Ice flow speed255

controls grounded ice discharge, allowing q to be constrained with additional synthetic observations of cumulative grounded

mass change during this time period when the glacier is responding to a rapid loss of buttressing. We also note that q introduces

a strong nonlinearity in how a change in buttressing affects ice discharge: when q is small, small changes in the stress balance

impart disproportionately large changes in ice flow speed. This makes the inferred value of q strongly sensitive to synthetic

observations of cumulative grounded mass change and contributes to the large degree of learning. This is consistent with Jantre260

et al. (2024) finding q to be the parameter contributing the most uncertainty to projected sea-level contribution at 2300. Notably,

before rapid learning about q has occurred, there is substantial variation in learning rate across trajectories (wide uncertainty

bands in Fig. 4b), suggesting that in the absence of large changes in the stress balance, learning about q depends on the true

value of q. This is also expected for a strongly nonlinear parameter: the smaller changes in stress balance during the first century

may be sufficient to distinguish very small values of q (highly plastic rheology) from the remaining values, but not to strongly265

differentiate among those remaining values.

The two parameters introducing spatially-uniform scaling to the basal friction coefficient and ice stiffness (Cµ and Cϕ,

respectively) show more modest learning, with ∼ 56% and ∼ 60% uncertainty reductions, respectively, by 2300 (Fig. 4c,d).
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The best estimates of learning rates for both parameters are fairly uniform over time, with a modest speedup of learning

occurring contemporaneously with the rapid learning of q. These parameters were previously found to have only moderate270

influence on projected sea-level contribution (Jantre et al., 2024), which may help explain the modest degree of learning

achieved. Interestingly, both of these parameters exhibit large variation in learning rate across trajectories, but it is unclear

whether this reflects dependence of the rate of learning on the true parameter value or whether learning of these parameters is

inherently noisy.

The ice-shelf basal melt rate (m) shows moderate learning, an ∼ 38% uncertainty reduction, by 2300. This parameter repre-275

sents historical ice-shelf-averaged melt rate and is used to solve for the bias correction term (δT ) in the Jourdain et al. (2020)

parameterization given a sampled value of log(γ0). The relatively modest future learning for m possibly reflects two factors:

(1) it primarily constrains historical rather than future behavior, while log(γ0) primarily controls the sensitivity of melting to

changes in ocean temperature, and (2) its effects are partially confounded with log(γ0), which is learned much more rapidly.

The calving yield stress (σmax) shows the weakest learning (∼ 25% reduction in uncertainty), consistent with our finding280

in Figs. 2 and 3 that the recalibrated best estimates for σmax do not consistently converge to the values used to generate the

corresponding synthetic future observation trajectories. This is might be due to two reasons. Under present day conditions,

Amery Ice Shelf extends beyond its embayment (Fig. 7c), resulting in the ice near the calving front providing little to no

buttressing to the grounded ice (Fürst et al., 2016; Reese et al., 2018; Zhang et al., 2020) and therefore calving has negligible

impact on the stress balance of the grounded ice and grounded ice discharge. Because of this, our observable of cumulative285

grounded mass change cannot meaningfully inform the calving parameter when the calving front is in this configuration. In

contrast, later in the projections after the extensive ice-shelf melting that eliminates most of the ice shelf (Fig. 7c), there is very

little ice-shelf remaining from which calving can occur. Once the calving process is effectively disabled, it becomes impossible

to learn more about the calving parameter, noting that σmax was only defined for floating ice and not applied for calving fronts

at grounded ice (Jantre et al., 2024). Notably, the small learning about this parameter that does occur happens primarily in the290

2100–2200 time period, which is when the calving front generally exists between these two end states.

4.2 Future learning of sea-level contribution projections

Next we consider learning rates of the future sea-level contribution from the Amery sector at years 2100, 2200, and 2300.

End-of-century (2100) SLE projections show limited learning over the course of the century despite incorporating synthetic

observations at five additional time points into the parameter calibration (Fig. 6a): the very-likely range width contracts by only295

30%. In fact, by 2090 the best estimate of the very-likely range width for 2100 sea-level contribution, 4.17 mm SLE (Fig. 6a), is

large relative to the best estimate of the 2100 sea-level contribution, which is −0.29 mm SLE (Fig. 8). As seen in Fig. 5a, such

a wide very-likely range around the posterior predictive mean of the 2100 SLE projections by 2090 would likely include 0 mm

SLE, indicating that no sea-level contribution may occur by the end of the century. Furthermore, although the very-likely range

width decreases, the across-trajectory likely band widens over this period, indicating increased uncertainty about the future300

learning. This is related to the fact that, over this time period, the across-trajectory likely band widens for all six parameters

(Fig. 4), indicating growing variance among parameter learning trajectories.
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Figure 7. Changes in glacier state affecting future learning. a) Time series of mean thermal forcing (±1σ) from the UK Earth System

Model under SSP5-8.5. This is the same for all trajectories and is the dominant external forcing applied to the glacier system. Modified

from Fig. 2 of Jantre et al. (2024). b) Time series of ice-shelf area from all simulations in training set. Despite different parameter values,

most simulations experience rapid loss of floating ice around 2150. c-f) Frequency of ice presence and grounding-line position across all

simulations. Brown areas represent ice-free land; gray represents open ocean.

4.2.1 Sea-level contribution projections for year 2100

The muted learning of 2100 sea-level contribution from the Amery sector reflects two factors. First, the UKESM SSP5-8.5 forc-

ing that we are applying projects negligible changes to ocean thermal forcing and surface mass balance in this region through305

2050 (Jantre et al., 2024), with mean thermal forcing beneath the Amery Ice Shelf remaining below 2
◦
C until approximately

2100 (Fig. 7a). Second, even as thermal forcing increases and ice-shelf thinning begins, the ice sheet’s slow geometric response
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Figure 8. Posterior-predictive distributions for the future sea-level contributions at 2100, 2200, and 2300 derived from the present-day

calibration and uncertainty propagation through PCA GP emulator of Jantre et al. (2024).

(Williams et al., 2012) means that parameter perturbations have not yet produced strongly divergent cumulative mass-loss tra-

jectories. This is consistent with the conclusion of Urban et al. (2014) that learning rates are strongly dependent on forcing

strength and system response time.310

4.2.2 Sea-level contribution projections for year 2200

In stark contrast, the SLE projections for year 2200 exhibit rapid and sustained learning, with an ∼ 6-fold reduction in the

very-likely range width after assimilating observations till 2195 and, paradoxically, an ∼ 70% reduction by 2090 when the

very-likely range width of the projections for year 2100 had only contracted an ∼ 30% (Fig. 6b). Notably, the distribution of

projected sea-level contribution at 2200 based on present-day calibration is wide, spanning a very-likely range of 0.69 to 67315

mm SLE (Fig. 8), unlike the narrow range of projected sea-level contribution at 2100. By looking at rates of parameter learning

(Fig. 4), we observe that the shape of the learning curve for sea-level contribution at 2200 has a similar shape and timing to the

learning curve for log(γ0). We hypothesize that the degree of increase in ice-shelf melting is the dominant control on sea-level

contribution at 2200, and because log(γ0) directly modulates the amount of ice-shelf melting for the prescribed changes in

ocean thermal forcing, the ability of the calibration to constrain log(γ0) is critical for learning about the sea-level contribution320

at 2200. Once substantial learning about log(γ0) has occurred through 2075, the majority of learning about the 2200 sea-level

contribution is complete.

Interestingly, although the majority of learning about the 2200 sea-level contribution is complete by 2075, there remains

substantial disagreement across trajectories about the width of the very-likely range, as indicated by the span of the across-

trajectory likely band (shading in Fig. 6b); the uncertainty in the width of the very-likely range of the 2200 sea-level contribution325

15

https://doi.org/10.5194/egusphere-2026-1585
Preprint. Discussion started: 4 May 2026
c© Author(s) 2026. CC BY 4.0 License.



by 2075 is slightly larger than the across-trajectory mean. We can investigate this by examining the sensitivity of the uncertainty

in 2200 sea-level contribution to individual parameters. Specifically, we plot the width of the very-likely range for the 2200

SLE projections, with calibration based on observations through 2075, as a function of the MALI parameter values used to

generate the 100 synthetic future observation trajectories (Fig. 9). Essentially, we sample all trajectories along the slice of

Fig. 6b at 2075 and plot their values against MALI parameter values. We see a strong sensitivity of uncertainty in projected330

2200 sea-level contribution to log(γ0), with larger log(γ0) values yielding larger uncertainty in the 2200 sea-level contribution

projections. Conversely, we see little clear relationship for the other parameters. This indicates that, although the substantial

learning about log(γ0) through 2075 greatly reduces uncertainty in the 2200 sea-level contribution projection by 2075, the

remaining uncertainty in the SLE projection is still coming from uncertainty about the true value of log(γ0). Referring back to

the learning rate of log(γ0), we see that even though the fastest learning of this parameter occurs through 2075, almost half of335

the learning has still not yet occurred by 2075 (Fig. 4e).

4.2.3 Sea-level contribution projections for year 2300

The projections for year 2300 sea-level contribution also show substantial learning, with the best estimate of very-likely range

width reducing an ∼ 6-fold, but the rate of learning is more gradual as observations are added between 2015 and 2300 (Fig. 6c).

The shape of the learning curve is similar to that of the parameter q (Fig. 4b), consistent with the finding of Jantre et al. (2024)340

that q is the parameter to which projections of sea-level contribution at 2300 are most sensitive. We note, however, that the likely

range of 90% credible interval width for the 2300 sea-level contribution is particularly wide through the 22nd century (Fig. 6c),

indicating disagreement between trajectories on the uncertainty in the eventual 2300 sea-level contribution. As we did for the

2200 sea-level contribution, we plot the sensitivity of the uncertainty in 2300 sea-level contribution to individual parameters,

but this time only consider calibration through 2150, which is the time when the across-trajectory likely band is widest (Fig. 10).345

We note a relationship between parameter value for q and width of very-likely range of 2300 sea-level contribution, with smaller

values of q retaining larger uncertainty in the eventual 2300 sea-level contribution. Additionally, log(γ0) shows a more subtle

relationship with very-likely range width, with the largest uncertainty in 2300 sea-level contribution for intermediate values of

log(γ0).

These observations lead to the question: Why is uncertainty in sea-level contribution at 2200 most sensitive to log(γ0) while350

sea-level contribution at 2300 is most sensitive to q? Our interpretation is that 2200 sea-level contribution is most affected by

the timing of ice-shelf removal from elevated ice-shelf basal melting, which occurs for nearly all trajectories between 2125 and

2150 (Fig. 7b). This sudden removal of buttressing increases grounded ice discharge and the amount of subsequent sea-level

contribution is strongly affected by how early before 2200 this event occurs. However, over time periods longer than a few

decades, the impact of the nonlinearity of the ice-sheet dynamic response to loss of buttressing (controlled by q) has time to355

accumulate, leading to large uncertainty in the eventual 2300 sea-level contribution until enough observations of the dynamic

response to ice-shelf loss can be accumulated to sufficiently constrain q.

This physical interpretation also explains why intermediate values of log(γ0) cause the most uncertainty in 2300 sea-level

contribution when only considering observations through 2150. The year 2150 is in the middle of the time period over which
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Figure 9. Sensitivity of future learning of year-2200 sea-level contribution to individual MALI parameters informed by observations

through 2075. Effect of each MALI input parameter on future learning of the year-2200 sea-level contribution (millimeters SLE). For each

of the 100 synthetic future-observation trajectories, we perform sequential Bayesian calibration using observations from 2015–2075 and

compute the width of the 90% credible interval (very-likely range) for the 2200 SLE projections obtained by propagating the recalibrated

parameter samples through the PCA GP emulator; smaller widths indicate greater learning. Sensitivity is assessed by relating these across-

trajectory very-likely ranges to the parameter values used to generate each scenario’s synthetic observations. Red curves represent smooth

trend line from locally weighted scatterplot smoothing.

ice-shelf removal occurs (Fig. 7b,c). For high values of log(γ0), which lead to earlier ice-shelf removal, observations through360

2150 are already informative of the ice-sheet dynamic response needed to constrain q, leading to lower uncertainty in the

eventual 2300 sea-level contribution. For small values of log(γ0) and associated later ice-shelf removal, the eventual 2300 sea-

level contribution will tend to be smaller and absolute uncertainty on smaller sea-level contribution will naturally be smaller

than for larger magnitude projections.
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Figure 10. Sensitivity of future learning of year-2300 sea-level contribution to individual MALI parameters informed by observations

through 2150. Effect of each MALI input parameter on future learning of the year-2300 sea-level contribution (millimeters SLE). For each

of the 100 synthetic future-observation trajectories, we perform sequential Bayesian calibration using observations from 2015–2150 and

compute the width of the 90% credible interval (very-likely range) for the 2300 SLE projections obtained by propagating the recalibrated

parameter samples through the PCA GP emulator; smaller widths indicate greater learning. Sensitivity is assessed by relating these across-

trajectory very-likely ranges to the parameter values used to generate each trajectory’s synthetic observations. Red curves represent smooth

trend line from locally weighted scatterplot smoothing.

4.2.4 Time-horizon dependence of future learning of sea-level contribution projections365

These results bear on the separability of emission scenarios noted by Jantre et al. (2024) and Rosier et al. (2025). Both studies

found that SSP1-2.6 and SSP5-8.5 projections remain statistically indistinguishable through much of the 21st century due to

large parametric uncertainty, with clear separation emerging only after rapid forcing changes manifest post-2100. Coulon et al.

(2025) also found strong overlap between SSP1-2.6 and SSP5-8.5 projections in the 21st century, with uncertainty dominated

by choices of model structure, initialization procedure, and parameter values. Beyond 2100, their projections begin to diverge370
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based on the emissions scenario. Our learning analysis provides a complementary perspective: parametric uncertainty itself

contracts substantially only after the ice sheet enters regimes of strong dynamical response.

These sensitivity patterns have important implications for observational strategy and for interpreting learning rates in prac-

tice. They suggest that learning will be faster in ice-sheet sectors experiencing strong forcing (large ocean temperature increase

and/or high effective melt coefficient) and substantial dynamical response (grounding-line retreat into regions where basal375

parameters matter). Conversely, stable sectors or those with limited forcing — like the Amery sector prior to 2100 in our simu-

lations — may remain difficult to constrain even with extensive observations. Finally, in addition to needing a strong dynamic

response of the system, future learning of a quantity of interest (in this case, sea-level contribution) requires learning about the

most important parameters or processes affecting that response (in this case, log(γ0) and q). Selecting observations that can

provide the strongest and earliest constraints on those key processes will be the most valuable. Of note, we have not included380

observations of velocity, which responds instantaneously to changes in ice-sheet geometry (Williams et al., 2012).

4.3 Comparison with previous learning studies

Previous learning studies have largely focused on climate sensitivity (Urban et al., 2014; Libardoni et al., 2018), air temper-

atures change (Shiogama et al., 2016), and hydrologic systems and associated infrastructure (Lee et al., 2017; Ceres et al.,

2017; Skerker et al., 2023). While future learning of sea-level change has been considered, previous studies have focused on385

expert judgment, reduced complexity models, and empirical models (Diaz, 2014; Vega-Westhoff et al., 2020), whereas we

focus on parameter uncertainty from detailed ice-sheet model simulations of a single sector of the Antarctic Ice Sheet. Direct

comparison of the previous learning studies with our study is complicated by fundamental differences in system characteristics.

For example, climate sensitivity describes a quasi-equilibrium response to forcing, whereas ice-sheet mass change reflects a

transient, path-dependent system with threshold behaviors and long adjustment timescales.390

The previous learning studies for these other systems generally share our finding that learning occurs over many decades and

stronger forcing leads to faster learning (Urban et al., 2014; Shiogama et al., 2016; Lee et al., 2017; Myhre et al., 2015). An

important finding from Urban et al. (2014) was that learning rates were slowest in scenarios of greatest concern (high climate

sensitivities) due to longer ocean response times. Our sensitivity analysis (Sec. 4.2) reveals a partially analogous pattern:

slower learning (wider very-likely ranges) may occur for ice-sheet scenarios with more plastic beds (low q) (Fig. 9b, Fig. 10b),395

a condition that would lead to larger eventual sea-level contribution. This is also the case for the melt sensitivity to change in

ocean temperature in the initial decades when the scenarios yielding the largest sea-level contribution (high log(γ0)) have the

least learning (Fig. 9e). However, once multiple decades of ice-sheet response to increased melting creates clear observational

signals, this is no longer the case (Fig. 10e).

A notable extension of our methodological framework relative to the work of Urban et al. (2014) on which our methods400

are based on is explicitly representing uncertainty in the learning rate itself, as considered by Kelly and Kolstad (1999);

here we repeat the sequential calibration across 100 synthetic observation trajectories. Urban et al. (2014) acknowledged

that conditioning on expected model parameters and sampling only a single projected future for each gives only a noisy

point estimate of learning time rather than a distribution of possible learning times. Our approach directly addresses this
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limitation, providing likely ranges around mean (best estimate) learning trajectories that quantify the uncertainty in future405

learning rates. This uncertainty proves substantial: for log(γ0), the likely range of the 90% credible interval widths at year 2300

spans [0.136 to 0.386], representing more than 2-fold variation in final uncertainty across different possible future trajectories.

4.4 Limitations and methodological considerations

Our analysis considers only a single scalar observable — cumulative grounded mass change — for post-2015 calibration,

whereas the present-day (2015) calibration uses three observables (grounded mass change, grounding-line movement, and410

calving-front movement). This simplification was adopted for tractability and because cumulative mass change integrates over

instantaneous rates, providing a more stable target for emulation. However, it represents a significant limitation, as differ-

ent observables can provide complementary information about different parameters. Felikson et al. (2023) demonstrated that

choice of observable can significantly impact Bayesian calibration outcomes for Greenland Ice Sheet parameters, with spa-

tially resolved observations of surface elevation change, ice velocity, and grounding-line position each constraining different415

aspects of the parameter space. Our cumulative grounded mass change observable could also obscure important spatial dis-

crepancies between the model and the observations. This would be especially problematic for a larger domain that includes

multiple independent outlet glaciers, but in our case it could hide compensating errors between different sub-regions of the do-

main. Similarly, Libardoni et al. (2018) showed that including spatial patterns of observed surface temperature change impacts

learning of climate parameters. We anticipate similar implications of including additional observables in our study on future420

learning. For instance, including observations of the surface velocity field could increase learning rates, since the velocity field

adjusts essentially instantaneously to changes in ice geometry.

The value of different observables might vary by parameter and by forcing regime. For instance, Rosier et al. (2025) found

that observations of change in surface ice speed and surface elevation over the period 1996–2021 provided strong constraints on

basal friction and ice stiffness parameters for the Amundsen Sea sector. However, they noted that ocean-related parameters were425

relatively unconstrained by these surface observations alone, suggesting direct observations of ice-shelf thickness change would

be a stronger constraint. Similarly, our previous study found that calving front position was the only observation informative

of the calving yield stress during present-day calibration (Jantre et al., 2024).

We assume statistical independence among observations across time and across different observables, using diagonal co-

variance matrices in our likelihood functions. As noted by Jantre et al. (2024), this simplification is adopted due to lack of430

knowledge about correlation structures. In reality, cumulative grounded mass change observations are serially correlated (since

each cumulative value depends on all previous values), and different observables (e.g., mass change, grounding-line position,

and ice velocity) are certainly correlated through their shared dependence on ice-sheet state. Proper treatment of these corre-

lations would require specifying space-time covariance structures, a challenging problem that has received limited attention in

glaciology but is important for rigorous Bayesian inference (Cressie and Wikle, 2011).435

Importantly, we employ a perfect-model assumption: synthetic observations are generated from the same MALI model

used for calibration, with discrepancies arising only from emulator approximation error and observational noise. In reality,

substantial model structural error exists, arising from unresolved or misrepresented physical processes, inadequate spatial
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resolution, and simplified parameterizations. Model structural error can bias parameter estimates and lead to overconfident

uncertainty quantification if not properly accounted for (Recinos et al., 2023). For a future learning study in hydrology (Ceres440

et al., 2017) found that structural uncertainty reduces learning and can even cause negative learning. Finally, our analysis

considers only a single GCM (UKESM) and a single emissions scenario (SSP5-8.5) to force the MALI projections used to

generate synthetic future observations. Climate model structural uncertainty is large and might exceed parametric uncertainty

for many ice-sheet sectors (Seroussi et al., 2023, 2024; Hillebrand et al., 2025; Coulon et al., 2025). Because SSP5-8.5 is a

high emissions scenario, the learning we demonstrate using it possibly represents a high end of possible learning, given the445

evidence we and others see that stronger forcing leads to faster learning.

4.5 Implications for observing systems

The inferred learning rates for both parameters and sea-level contribution projections can be slow, requiring in many cases

50–100 years of observation to substantially reduce uncertainties. Rapid uncertainty reductions may be associated more with

the rapid subsurface melt changes present in the mid-22nd century in our scenario leading to stronger forcings on the ice shelf,450

than they are with the ice sheet itself. This is not surprising, given the timescales of glacier dynamics.

However, this is not to say that greater learning rates are impossible. Our study focused on only a few basin-wide scalar

metrics. Additional observation variables, as well as spatially-resolved observations, have the potential to provide stronger

constraints. For instance, spatially resolved observations of ice surface elevation change, velocity, and regional mass change

have been shown to provide complementary constraints for ice-sheet models (Felikson et al., 2023). However, such an analysis455

would also require a more careful treatment of spatial and inter-variable covariance (Nias et al., 2019; Felikson et al., 2023), not

just in observations but particularly in the model discrepancy (bias or residual error structure) (Kennedy and O’Hagan, 2001;

Gramacy, 2020). Additional complications arise from spatial heterogeneity of parameters: to what extent can observations in

one basin or region inform the parameter or projections at another (Jiang et al., 2025)?

Our future learning-rate results suggest that the informativeness of observations can vary over time. In our experiments,460

future learning of model parameters happens most strongly for the ice-shelf melt coefficient (log(γ0)), with faster learning dur-

ing the mid-21st century; this could be further accelerated by prioritizing sustained measurements that more directly constrain

ice-ocean interaction (e.g., ice-shelf thickness change and ocean conditions beneath or near ice shelves) during this period. In

contrast, significant learning about glacier basal parameters (e.g., q, Cµ) happens later in our experiments; accelerating learning

about those parameters would require new or more data sources.465

Our Bayesian learning study can be considered a stepping stone toward optimal observing system design. Uncertainty reduc-

tion in parameters and/or projections can be used as a cost function to optimize when considering different observing system

characteristics (e.g., locations to prioritize for higher-resolution or higher-frequency sampling). Value-of-information calcu-

lations such as ours then become the inner loop within a larger Bayesian optimal experimental design calculation (Rainforth

et al., 2024; Roussel et al., 2024).470

The learning-rate distributions also enable the calculation of expected value of information (EVI), a decision-theoretic metric

quantifying the maximum amount a decision-maker should be willing to pay to obtain perfect information (Raiffa and Schlaifer,
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2000). For a given decision problem with specified loss function, EVI is calculated as the expected reduction in loss from

making decisions informed by posterior rather than prior distributions of parameters. More broadly, value-of-information

analyses in climate economics have shown that the benefits of reducing uncertainty depend on how strongly that uncertainty475

affects decision-relevant policy choices, particularly in high-damage regions of the uncertainty space (Newbold and Marten,

2014). In addition, learning about tipping points can materially alter optimal policy by updating beliefs about the location of

critical transitions over time (Lemoine and Traeger, 2014). In the climate context, Hope (2015) calculated EVI for learning

about climate sensitivity under different emissions pathways, finding values ranging from hundreds of billions to trillions of

dollars depending on assumptions about adaptation costs and damages. Extending such calculations to the regional ice sheet480

domain used here is complex due in part to the fact that ice sheet mass change is just one component of sea-level change, and

here we are considering only a small fraction of the Antarctic Ice Sheet.

5 Conclusions

This study investigates future learning of uncertain model parameter values and future sea-level contribution for the Amery

sector of the Antarctic Ice Sheet. Through sequential Bayesian calibration using synthetic observations drawn from an emulator485

of future model trajectories, we were able to explore reduction in uncertainty as plausible future information becomes available,

as well as how learning itself is affected by differences in possible future trajectories. The degree of learning about parameters

varied substantially across different parameters, with learning concentrated in the parameters most related to changes in ocean

forcing and the glacier’s dynamic response to it. We found limited scope for narrowing projections through the end of the 21st

century but rapid learning in the following century after the forcing scenario we used caused loss of the Amery Ice Shelf across490

all trajectories.

Methodologically, our framework advances ice-sheet uncertainty quantification by applying future learning methods to the

ice-sheet domain. The long response time of ice sheets relative to many other components of the Earth system delays sub-

stantial learning and highlighted how observations have most value when they capture periods with strong dynamical forcing.

We hypothesize that future learning would be more informative for near-term timescales for glacier regions that are currently495

undergoing rapid change, like Thwaites Glacier, Antarctica, or west Greenland. More generally, our study expands on pre-

vious future learning studies of climate systems by the detailed evaluation of the uncertainty in future learning itself and its

dependence on parameter values and time horizons. In some cases, uncertainty in future learning is a substantial fraction of the

best estimate learning rate, and this trajectory dependence should be considered in studies of future learning. Key caveats of

our work include the perfect-model assumption, simplified likelihood assumptions, and a focus on aggregated observables; as500

shown in related Amery work (Jantre et al., 2024), the choice and granularity of observables can strongly condition calibration

and, by extension, what can be learned when.

Looking ahead, the value-of-information perspective suggests clear priorities for observational systems of marine ice sheets.

Observations that most directly inform ice-shelf buttressing and grounding-line motion, such as front position and retreat

rates, spatial mass-balance patterns, basal melt, and grounding-line change, should be sustained. Extending the framework to505
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multi-observable, spatially resolved constraints, to alternative forcing scenarios, and to structural uncertainties (e.g., calving,

sub-ice-shelf mixing) will improve inferences. The next step in sophistication would be to embed formal decision metrics (e.g.,

expected value of sample information for coastal design thresholds) to further connect observing-system design to adaptive

planning. However, to move to this level of integration, improved understanding of observational uncertainties and how to

represent them in statistical models is critical.510
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Appendix A: Emulator validation
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Figure A1. Analysis of Gaussian process emulator fit for cumulative grounded mass change at 2150 obtained from SSP5 projection ensemble:

(a) residuals versus fitted values plot, (b) predicted versus actual values plot, and (c) residuals versus pairwise input parameters plots. Colors

of residuals are clipped to the colormap range to emphasize overall patterns and reduce outlier influence; values outside the limits are rendered

using the colormap range’s minimum (for below) or maximum (for above) hue.

The scalar Gaussian-process (GP) emulators for cumulative grounded mass change at each of the 19 analysis years are trained

on input-output pairs obtained from the SSP5 projection ensemble. To stabilize emulator training and improve numerical

conditioning, we rescale both the MALI input parameters and the scalar output to the unit interval [0,1], and reverse this

transformation when reporting GP predictions. Each year-specific emulator is fit with 5-fold cross-validation. For brevity, we515

present validation diagnostics only for years 2150 and 2300.

To assess emulator fit, we first plot cross-validated residuals (predicted minus true values) in Figs. A1(a) and A2(a). The

residuals are randomly scattered around zero line indicating that the model’s assumptions of linearity and constant variance

are met. We then compare predicted versus true scalar outputs and overlay central 50% predictive intervals in Figs. A1(b)

and A2(b). Points cluster near the 1:1 line and the predictive intervals are narrow, demonstrating strong emulation skill with520

limited predictive uncertainty. Finally, Figs. A1(c) and A2(c) plot residuals against pairwise input parameters. Herein, we do

24

https://doi.org/10.5194/egusphere-2026-1585
Preprint. Discussion started: 4 May 2026
c© Author(s) 2026. CC BY 4.0 License.



−8 −6 −4

Fitted values ×104

−1.0

−0.5

0.0

0.5

R
es

id
u
al

s

×104

(a)

0.8 0.9 1.0 1.1 1.2

Cµ

0.10

0.15

0.20

0.25

0.30

q

(c)

0.8 0.9 1.0 1.1 1.2

Cφ

0.8

1.0

1.2

1.4

1.6

1.8

σ
m
a
x

×105

−1.0 −0.8 −0.6 −0.4

True Values ×105

−1.0

−0.8

−0.6

−0.4

F
it
te

d
 v

a
lu

es

×105

(b)

0.8 0.9 1.0 1.1 1.2

Cφ

0.8

0.9

1.0

1.1

1.2

C
µ

10 20 30 40 50

m

0

1

2

3

4

γ
0

×105

−4

−2

0

2

4

×103

Residuals

Figure A2. Analysis of Gaussian process emulator fit for cumulative grounded mass change at 2300 obtained from SSP5 projection ensemble:

(a) residuals versus fitted values plot, (b) predicted versus actual values plot, and (c) residuals versus pairwise input parameters plots. Colors

of residuals are clipped to the colormap range to emphasize overall patterns and reduce outlier influence; values outside the limits are rendered

using the colormap range’s minimum (for below) or maximum (for above) hue.

not observe meaningful structure or parameter-dependent patterns, suggesting that notable outliers are not driven by particular

regions of the input space.

To assess emulation skill jointly across all 19 analysis years, Fig. A3 displays out-of-fold predictions (combined across folds)

from the scalar GP emulators (years 2030,2045, · · · ,2300; 15-year spacing) evaluated under 5-fold cross-validation, alongside525

the corresponding actual (simulated) data from SSP5 projection ensemble. For each realization, year-specific predictions are

connected to form a trajectory, which closely follows the simulated path through 2300, indicating consistently strong emulator

performance across years. This consolidated view shows that the emulators capture the ensemble’s multi-century decline in

cumulative grounded mass change while preserving realization-to-realization structure up to 2300.
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Figure A3. Emulator validation across analysis years. Predictions from 19 scalar Gaussian-process emulators of cumulative grounded

mass change for all the analysis years {2030,2045, · · · ,2300} evaluated under 5-fold cross-validation and compared with “actual” simulated

data obtained from SSP5 projection ensemble. For each realization, year-specific predictions are connected with lines to aid visualization of

continuity across years, revealing close agreement with the simulation trajectories through 2300 demonstrating strong emulation skill across

all emulators.
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Appendix B: Future learning analysis continued530
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Figure B1. Future learning of MALI parameters. Evolution of parameter uncertainties over time across 100 synthetic future-observation

trajectories generated and assimilated using sequential Bayesian calibration. We assess future learning using the width of the 90% credible

intervals (very-likely ranges) for each parameter at each analysis year across future scenarios; smaller values indicate greater learning. The

thick curve is the across-trajectory mean (best estimate) trajectory and the shaded band denotes the across-trajectory 66% credible interval

(likely range), summarizing how quickly uncertainty is expected to contract on average and how uncertain that contraction is, respectively.

By 2300, the uncertainties in MALI parameters are reduced substantially for log(γ0) and q, and moderately for σmax, Cµ, Cϕ, and m.
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Figure B2. Future learning of sea-level contribution projections. Evolution of sea-level contribution (millimeters SLE) projection uncer-

tainty at (a) 2100, (b) 2200, and (c) 2300 across 100 independent synthetic future-observation trajectories generated and assimilated using

sequential Bayesian calibration. We assess future learning using the width of the 90% credible intervals (very-likely ranges) for each projec-

tion year’s sea-level contribution at each analysis year across future scenarios; smaller values indicate greater learning. The thick curve is the

across-trajectory mean (best estimate) trajectory and the shaded band denotes the across-trajectory 66% credible interval (likely range), sum-

marizing how quickly uncertainty is expected to contract on average and how uncertain that contraction is, respectively. Panel (a) typically

exhibits muted or gradual declines with increasing uncertainty, reflecting limited end-of-century learning, whereas panels (b) and (c) show

more rapid and sustained contraction with decreased uncertainty at longer horizons.
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