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Abstract
Glaciers slide over their beds, and how fast they slide depends on the pressure of
meltwater trapped beneath them. This subglacial environment is nearly impossible to
observe directly and is one of the largest uncertainties in how fast glaciers lose ice and how
much water they deliver to communities downstream. Ice-sheet models represent it with
empirical rules that are hard to test, and although machine learning and queryable
artificial-intelligence systems are now reshaping much of earth science, no comparable
interpretable-learning analysis or embedding-model system yet exists for subglacial
processes. We address this gap in two ways. Treating coupled physics-based subglacial
hydrology and ice velocity simulations of four contrasting glaciers (Himalaya, Antarctica,
southeast Greenland, and northwest Greenland) as controls, we use interpretable machine
learning, from linear models to recurrent networks, to understand what controls sliding.
We find that bed water pressure relates to ice surface flow speed once the sliding
component is isolated from the deformation component(r = →0.50). The predictive
memory of the system mostly lives in the present state of the bed, regardless of meltwater
history, with state-aware models reaching R2 = 0.84 against 0.24 without it. Across the
four test glaciers two consistent regimes emerge - one dominated by water pressure and the
other by bed shape, while instantaneous meltwater input is essentially never the direct
control, indicating where common sliding rules may not apply. Leveraging these findings,
we build a natural-language glaciological intelligence system for subglacial processes: a
fleet of self-supervised graph foundation models, one joint-embedding predictive
architecture (JEPA) per glacier, that learn rich, non-degenerate representations. These are
queried through an agentic large-language-model (Claude Sonnet/Opus) router that
retrieves from the appropriate specialist and improves answer quality compared to baseline,
with the value of added context scaling with the consuming model’s reasoning ability.

1 Introduction
Glaciers and ice sheets move through a combination of deformation and by sliding over their beds,
and the rate of sliding is set by the pressurized water system at the ice-bed interface [1, 2].
Classical and modern sliding laws relate basal motion to the e!ective pressure, which is defined as
the di!erence between the ice overburden and the subglacial water pressure, and to the basal shear
stress, so that a glacier with lower e!ective pressure tends to slide faster [3, 4, 5, 6, 7]. The
subglacial drainage system that sets this pressure evolves over hours to seasons as its geometry
adapts, with features such as channels and distributed cavities that open due to melt and sliding,
and close as a result of ice creep [2, 8, 9]. This dynamic system is represented in coupled models
such as the Subglacial Hydrology and Kinetic, Transient Interactions model (SHAKTI) within the
Ice-sheet and Sea-level System Model (ISSM) [10, 11]. Coupled simulations are the principal
quantitative window we have onto a system that impacts ice loss and downstream water availability.

That window is needed because the bed itself is almost impossible to observe through field
measurements or remote sensing techniques. The quantities a sliding law depends on (e!ective
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pressure, subglacial water pressure, and basal sliding speed) can be sampled directly only through
sparse boreholes [12, 13, 14], while the surface velocities that are routinely mapped from satellites
mix basal sliding with internal ice deformation. Inferring basal conditions from surface motion is
therefore an underdetermined inverse problem [15], and even the first-order question of whether
e!ective pressure or bed strength dominates fast flow remains contested [16]. As a result, empirical
sliding laws are di”cult to constrain from observation and may not hold as the climate and the
drainage system change [9, 17], yet the physics-based simulations that could fill the gap are
computationally expensive to run across many glaciers and scenarios [11].

Machine learning is being widely used to address parts of this problem in glaciology and the
wider Earth sciences. Deep networks now emulate ice flow and glacier evolution orders of
magnitude faster than the solvers they replace [18, 19], and surrogate and physics-informed models
have been used to infer basal mechanics from surface observations [15, 20]. More broadly,
data-driven methods are increasingly leveraged for process understanding [21] by interpretability
tools such as permutation importance and additive feature attribution [22, 23], aligning with a
growing practice of physically interpretable modeling in the geosciences [24, 25]. For physical
systems with memory, recurrent architectures [26] have been widely used: in catchment hydrology,
long short-term memory networks reproduce storage-driven, lagged responses that static models
may miss [27, 28, 29].

In parallel, representation learning is transforming environmental data are stored and queried.
Self-supervised methods learn general-purpose embeddings without labels by predicting masked
content in a latent space while regularizing against collapse [30, 31, 32, 33], and geospatial
foundation models now compress satellite and atmospheric observations into dense, reusable
vectors [34, 35, 36]. Graph neural networks extend these ideas to the irregular meshes on which
glacier models are solved [37, 38, 39]. At the same time, large language models equipped with
retrieval and tools have made structured scientific data accessible through natural language
[40, 41, 42]. Recent work has combined these threads for land-surface remote sensing, interpreting
foundation-model embeddings physically and routing natural-language queries to specialized
encoders through an agentic interface [43, 44, 45].

Several gaps remain specific to the subglacial problem. Interpretable machine learning has
rarely been applied to subglacial hydrology and sliding to ask which physical controls actually
dominate. Because the hydrology, geometry, and ice dynamics are tightly coupled, aggregate
correlation analyses are vulnerable to confounding, which motivates model classes whose
attributions can be inspected directly. Whether the modeled sliding response carries temporal
memory, and if so whether that memory resides in the recent forcing or in the present state of the
bed, has not been examined systematically with sequence models on simulated subglacial systems.
Whether controls learned at one glacier transfer to geometrically distinct glaciers is likewise largely
unanswered. Finally, the self-supervised representations and agentic, queryable interfaces now
common for satellite imagery [35, 43] have not been extended to the output of subglacial models,
leaving no accessible way for non-specialists to interrogate simulated glacier behavior.

We bring these threads together for subglacial processes. We treat coupled SHAKTI-ISSM
simulations of four contrasting glaciers (and region of glaciers, in one case) as controls in which the
governing physics is prescribed and every relevant field is available, use interpretable machine
learning to identify the controls on sliding and to test whether they transfer across glaciers, and
operationalize the learned structure as a fleet of self-supervised graph encoders queried through an
agentic large-language-model router, transposing a paradigm developed for land-surface and
hydrology [45, 43, 44] to glacier meshes.

We ask five research questions:

1. Can interpretable models reproduce simulated basal sliding within and across glaciers?

2. Can interpretable machine learning recover an e!ective-pressure control on sliding?

3. Where does the predictive memory of the sliding response reside?

4. Do the dominant controls form consistent cross-glacier regimes, hydraulic versus geometric,
that indicate where sliding-law parameterizations break down?

5. Can a self-supervised per-glacier fleet learn explainable embeddings that an agentic router
queries to improve natural-language answers?

We address the first four questions with interpretable supervised models and cross-site
benchmarking, and the fifth with the self-supervised fleet and its routed evaluation.
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2 Methods
2.1 Model description

SHAKTI is a two-dimensional subglacial hydrology model that simulates water flow driven by
hydraulic gradients while solving the coupled physical equations conserving water and ice mass,
momentum, energy, and evolving subglacial drainage geometry [10, 46], representing the full
continuum from distributed to channelized drainage. Model output includes spatiotemporally
variable fields of hydraulic head, e!ective pressure, basal water flux, basal melt rate, and subglacial
gap height. Other quantities such as hydraulic transmissivity, water pressure, and Reynolds
number can also readily be calculated from these variables.

ISSM is an open-source, thermo-mechanical finite-element model that simulates glacier and ice
sheet flow using higher-order physics [11]. SHAKTI is built into ISSM as a hydrology module.
Implemented within ISSM, SHAKTI has been applied to Greenland, Himalayan, and Antarctic
glaciers in both stand-alone and coupled simulations [46, 47, 48, 49, 50]. Coupling occurs through
the basal sliding law, which links e!ective pressure calculated by SHAKTI with glacier sliding
velocity calculated by the stress balance in ISSM.

2.2 Study sites and coupled simulations

We analyze output from coupled SHAKTI-ISSM simulations. We consider simulations of four
glacier domains chosen to span contrasting climates, geometries, and basal regimes (Figure 1):
Drang Drung, a mountain glacier in Ladakh, Himalaya; Helheim Glacier, a fast-moving outlet
glacier in southeast Greenland; a large section of the northwest Greenland Ice Sheet; and Thwaites
Glacier in the Amundsen Sea sector of Antarctica. This collection of model experiments includes a
variety of spatiotemporal forcings in di!erent settings. Following is a summary of the specific
simulations included in our analysis.

Drang Drung Glacier [51] is a Himalayan glacier that shows observational evidence of a seasonal
velocity signal hypothesized to be driven by variations in subglacial hydrology, with SHAKTI-ISSM
supporting that theory [49, 52]. Drang Drung moves less than 20 m per year near its terminus,
with a maximum velocity on the order of 100 m per year in its thickest upstream portion. The ice
is less than 500 m thick throughout the glacier [53]. We consider a spin-up winter simulation
presented in [49], along with several transient simulations forced by hourly water inputs to the bed
down-scaled from the ERA5 climate model (CITE) output of snow melt, ice melt, and liquid
precipitation. In these transient SHAKTI-ISSM simulations, the quantity of water that reaches the
bed is scaled linearly as a function of elevation with the full amount of local water delivered to the
bed at the terminus, and zero water reaching the bed at the equilibrium line altitude, and is
applied in a distributed manner over the bed, assuming instantaneous delivery to the subglacial
system. The elevation dependence is designed to account broadly for percolation, storage, and
refreezing at higher elevations. The assumption of instantaneous delivery to the bed is not
particularly realistic; in reality, meltwater and precipitation would get routed by supraglacial
streams and percolate through the ice, imposing a delay in the time it takes for water to reach the
bed. However, the instantaneous meltwater delivery and instantaneous response of the subglacial
system are useful experimental conditions for probing model physics and response to hourly
variations in forcing. Our Drang Drung simulations use the MOno-layer Higher Order (MOLHO)
ice flow approximation [54] and a regularized Coulomb friction parameterization commonly referred
to as the Schoof sliding law [5].

Helheim Glacier is a large, fast-moving tidewater outlet glacier in southeast Greenland that has
been the focus of previous SHAKTI modeling e!orts [46, 47]. In contrast to Drang Drung, which
moves with a maximum velocity on the order of 100 m per year in its thickest portion, Helheim
moves several km per year in its main trunk, which terminates in a deep fjord. The ice is more
than 1 km thick [55]. In this study, we consider three di!erent coupled SHAKTI-ISSM simulations
from [47] that apply seasonal meltwater forcing: one in which distributed meltwater is applied
below 2000 m ice surface elevation following runo! based on MERRA-2 climate reanalysis (CITE);
a second in which the same low-elevation meltwater is applied, along with point inputs of water at
higher elevations to represent drainage through crevasses of water stored in the upstream firn
aquifer; and a third simulation that includes both distributed and point inputs, with an increase in
magnitude to represent enhanced surface melt under future warming conditions. The simulations
use the Shallow Shelf Approximation (SSA) for ice flow [56], a reasonable approximation for
fast-moving glaciers, and the Budd sliding law [?]. These experiments are described in detail by
[47].

At Helheim Glacier and at Thwaites Glacier in Antarctica, we also consider a set of
unconventional simulations from [48] that model the response to extraction of water from the
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Table 1. Data assembled at each mesh vertex. Modeled fields come from coupled SHAKTI-ISSM simulations;
auxiliary fields are sampled from Google Earth Engine. After removing basal shear stress and constant columns,
approximately 83 features remain per vertex, of which AlphaEarth contributes 64.

Group Variable Source Role
Subglacial hydrology e!ective pressure N SHAKTI-ISSM predictor (bed state)

hydraulic head SHAKTI-ISSM predictor (bed state)
water flux SHAKTI-ISSM predictor
gap height SHAKTI-ISSM predictor
basal shear stress ωb SHAKTI-ISSM excluded from features

Ice dynamics basal sliding speed ub SHAKTI-ISSM prediction target
total ice velocity SHAKTI-ISSM prediction / analysis target

Geometry surface elevation zs model / DEM predictor
bed elevation zb model / DEM predictor
ice thickness H model predictor / stratifier

Forcing meltwater input model forcing predictor
Satellite embedding AlphaEarth (64-d) Google Earth Engine predictor (fleet)
Climate ERA5-Land reanalysis Google Earth Engine predictor
Land surface MODIS temperature, snow cover Google Earth Engine predictor
Topography elevation and slope (DEM) Google Earth Engine predictor

subglacial system at 11 arbitrary sites on each glacier, simulated as negative point sources of
meltwater. These experiments are useful for exploring the response of the glaciers to perturbations
in the subglacial system and are motivated by a potential intervention scheme of pumping water
from beneath glaciers in order to slow their sliding. Thwaites is a large glacier that includes a
floating ice shelf, has the potential to unleash a large amount of ice from Antarctica into the ocean
if it retreats substantially, is thicker and flows more slowly than Helheim. These simulations use
SSA and Budd sliding.

The fourth simulation applies SHAKTI-ISSM to a large region in the northwest of the
Greenland Ice Sheet, which includes many outlet glaciers with variable geometry. Seasonal
meltwater is prescribed, based on runo! estimates from average climatology over 2003-2022 in the
MERRA-2 climate reanalysis model [57]. Water inputs to SHAKTI are distributed spatially and
assume instantaneous local delivery to the bed. This simulation uses SSA to approximate ice flow
and the Budd friction parameterization.

All simulations are run using unstructured triangular finite element meshes with variable
resolution. The various model configurations included in this suite of SHAKTI-ISSM simulations
di!er in their prescribed sliding relationships, spanning regularized-Coulomb [5] and Budd-type [?]
laws, so that the learning task is not tied to a single basal parameterization. The Drang Drung
simulations use MOLHO [54] for the stress balance, which explicitly separates ice surface velocity
from basal sliding velocity, while the others use SSA [56] in which the ice velocity is assumed to be
uniform through the ice column (justifiable for fast-moving glaciers). Each simulation spans at
least one year, and we focus our temporal analyses on the melt season, when the subglacial system
is most active; the held-out evaluation protocol for each analysis is described below.

At every mesh vertex we assemble a feature vector that combines modeled subglacial and
ice-dynamic fields with co-located geometry, climate, and satellite information (Table 1). Auxiliary
fields are sampled at the vertices from Google Earth Engine. Basal shear stress and constant
columns are removed, leaving approximately 83 features per vertex, of which the AlphaEarth
embedding contributes 64. For the graph models below, each glacier is represented as a mesh graph
obtained by Delaunay triangulation of its vertices, with edges carrying relative position and
distance. The full workflow is summarized in Figure 2.

2.3 Interpretable supervised modeling

We use a ladder of supervised models to address research questions one through four. For the focal
glacier, Drang Drung, which has the most extensive multi-year forcing, we compare a linear
baseline, a random forest [22], and a long short-term memory network [26] that predict basal
sliding; the linear and random-forest models receive per-vertex features with multi-day forcing lags,
while the recurrent model receives multi-day sequences of forcing together with the bed state.
These models are trained on early simulation years and evaluated on a shared held-out set of later
melt-season years, so that skill is measured on unseen conditions and is directly comparable across
models (research question one, within glaciers). To assess reproduction across glaciers and to
compare controls between them, we additionally train one random forest per glacier on a compact,
physically interpretable feature subset, namely e!ective pressure, hydraulic head, ice thickness,
surface and bed elevation, and meltwater input, each evaluated on a held-out split of its own
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Figure 1. Study sites. (a) Global locations of the four glacier domains. Modeled winter e!ective pressure and ice
surface velocity (b) northwest Greenland, (c) Helheim Glacier in southeast Greenland, (d) Drang Drung Glacier in
Ladakh, India, and (e) Thwaites Glacier in Antarctica.
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Figure 2. Modeling overview. Top: the supervised training loop, in which fused per-vertex features and multi-day
sequences drive a model ladder (linear, random forest, recurrent network) to predict basal sliding, with models
trained on early years and tested on later years. Bottom: (1) the data sources fused at each mesh vertex and (2) the
self-supervised graph joint-embedding predictive architecture, comprising connected-node masking, a context
encoder, an exponential-moving-average target encoder, a predictor, and a variance-covariance objective that yields a
64-dimensional embedding at every vertex.
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simulation; at the fast outlet glaciers ice velocity is dominated by basal sliding, so reproducing
velocity there is e!ectively reproducing sliding (research question one, across glaciers).

Three analyses build on these models. First, to test whether an aggregate view of total velocity
can obscure the e!ective-pressure control (research question two), we examine the relationship
between e!ective pressure and motion at Drang Drung both in pooled form and after stratifying by
ice thickness and isolating the basal sliding component. Second, to locate the predictive memory of
the system (research question three), we compare the Drang Drung models supplied with di!erent
information, namely instantaneous forcing, forcing extended with several days of history, the
present bed state alone, and forcing combined with the bed state, contrasting the random forest
with the recurrent network on the identical evaluation set. Third, to compare controls across
glaciers (research question four), we quantify each feature’s contribution to the per-glacier random
forests with impurity-based and permutation importance [22, 23], and we summarize each glacier in
a two-axis control plane defined by its reliance on hydraulic variables (e!ective pressure and
hydraulic head) versus geometric variables (bed elevation and ice thickness). The supervised
workflow is shown in the upper panel of Figure 2.

2.4 Self-supervised graph foundation-model fleet

To turn each glacier into a reusable representation (research question five), we pretrain one
self-supervised graph encoder per site using a joint-embedding predictive architecture (JEPA)
[30, 31]. The encoder embeds vertex features through a linear projection and four rounds of
message passing over the mesh graph, in which each vertex aggregates information from its
neighbors weighted by relative position, and outputs a 64-dimensional vector per vertex
[37, 38, 39]. Following the joint-embedding predictive recipe, we mask connected patches of the
graph grown from random seed vertices, encode the graph with a context encoder, and train a
predictor to reproduce, in latent space, the embeddings that a separate target encoder assigns to
the masked vertices. The target encoder is an exponential moving average of the context encoder
and receives no gradients [33]. The training objective combines a smooth-L1 prediction loss with a
variance-covariance regularization term that prevents representational collapse [32], and each
encoder is trained with the AdamW optimizer under a cosine learning-rate schedule. As a
diagnostic of representation quality that requires no downstream label, we compute the e!ective
dimensionality of the learned embeddings, which indicates how many independent directions the
representation actually uses out of the available sixty-four. The architecture is shown in the lower
panel of Figure 2.

2.5 Agentic routing and evaluation

Finally, we leverage the fleet through an agentic retrieval interface, which we refer to as Glacier
Intelligence(Figure 3). For each glacier, we build two nearest-neighbor indices over its vertices, one
over the learned 64-dimensional embeddings and one over the AlphaEarth embeddings, using
inner-product search on normalized vectors [42], and we attach a short capability card that
summarizes each site. A large language model serves as the system: given a natural-language
question, it reads the capability cards, selects which glaciers are relevant, and issues retrieval calls,
after which a synthesis step composes an answer from the returned, provenance-tagged vertices
[40, 41]. We evaluate three configurations of increasing access: retrieval from the AlphaEarth
generalist only, routed retrieval from the selected glacier specialists, and a dual configuration that
combines the specialists with the generalist. We run the system with two language models of
di!ering capability (Claude Sonnet 4.6 and Claude Opus 4.7) over a stratified set of questions, and
we score each answer with a separate model acting as judge along four dimensions, physical
correctness, use of retrieved evidence, awareness of basal regime, and clarity, while separately
measuring routing accuracy against the intended glaciers with the Jaccard index. The system
model and the judge model are kept distinct so that no model evaluates its own output.

3 Results
3.1 Interpretable models reproduce simulated sliding

We first ask whether interpretable models can reproduce the simulated basal sliding (Figure 4). At
the focal glacier, Drang Drung, a linear model captures little of the sliding (R2 = 0.23), and an
LSTM given only meltwater forcing does little better (R2 = 0.24). A random forest that also sees
the state of the bed reaches R2 = 0.62, and an LSTM that tracks the bed through time reaches
R2 = 0.84. The same approach works at every glacier: per-glacier random forests reproduce ice
velocity with R2 of 0.67 at Drang Drung, 0.96 at Helheim, 0.93 at Thwaites, and 0.72 at the
northwest Greenland margin, with skill highest where flow is fastest and most clearly dominated by
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Figure 3. The Glacier Intelligence agentic routing pipeline. A natural-language query is routed by a language
model that reads per-glacier capability cards and emits retrieval calls; nearest-neighbor retrieval over the per-glacier
learned embeddings and an AlphaEarth generalist returns provenance-tagged evidence that a synthesis step
composes into an answer.
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Figure 4. Interpretable models reproduce simulated sliding. Top: predicted versus simulated basal sliding at Drang
Drung for a linear model, a random forest, an LSTM given only forcing, and an LSTM given forcing and bed state,
with the coe”cient of determination summarized in the right-hand bar. Bottom: predicted versus simulated ice
velocity for a per-glacier random forest at each of the four glaciers, with the corresponding skill in the right-hand bar.

Figure 5. A hidden e!ective-pressure control. Left: e!ective pressure against total ice velocity at Drang Drung,
shown pooled and split by ice thickness; the pooled correlation is near zero while thin and thick ice show opposite
tendencies. Right: e!ective pressure against the isolated basal sliding component, where the expected negative
relationship is clear.

sliding. The simulated sliding is learnable, but only by models given information on the bed’s
condition. This highlights the di”culty in predicting glacier sliding from observable variables and
points to the need for more e”cient representation of subglacial hydrology in large-scale models.

3.2 A hidden e!ective-pressure control on sliding

Physically, a bed held at higher e!ective pressure (that is, lower water pressure) with all else equal
should slide more slowly, so e!ective pressure and motion should be negatively related. Yet when
we correlate e!ective pressure against total ice velocity across Drang Drung, the relationship nearly
vanishes (r = +0.04) and even tips slightly the wrong way (Figure 5). This is a textbook confound.
Splitting the same data by ice thickness reveals opposite tendencies in thin and thick ice
(r = →0.17 and r = +0.55) that cancel when pooled, and total velocity additionally mixes sliding
with internal deformation, which dilutes the signal. When we isolate the modeled basal sliding
component, the expected control reappears clearly (r = →0.50): higher e!ective pressure does slow
the sliding speed. The lesson is that an aggregate, correlation-level look at velocity can make a real
and important control appear irrelevant, and the physics is recovered only once the right quantity
is isolated. When using modeled velocity, separating basal sliding from deformation is possible if
the ice flow model was run either in 3D (using Full-Stokes or Higher Order) or using a 2D
depth-integrated Higher Order model, as is the case for the Drang Drung model. For fast-moving
outlet glaciers in Greenland and Antarctica where most of the surface velocity can be reasonably
attributed to sliding, 2D SSA may be more acceptable than in slower-moving mountain glaciers.
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Figure 6. Predictive memory resides in the bed state. (a) Skill of a random forest given instantaneous forcing,
forcing plus several days of history, the present bed state alone, and forcing combined with the bed state. (b) Skill of
the random forest versus the LSTM, with and without the bed state, showing the extra skill the LSTM gains by
following the bed through time.

3.3 Predictive memory resides in the state of the bed

Does the sliding response remember its past forcing, and if so, where is that memory stored
(Figure 6)? Meltwater forcing on its own is a weak predictor, whether we use the instantaneous
value (R2 = 0.31) or add several days of history (R2 = 0.39). The present state of the bed,
summarized by e!ective pressure and hydraulic head, predicts sliding much better (R2 = 0.65), and
adding the forcing history on top of the state adds nothing beyond the state alone (R2 = 0.62
versus 0.65). Giving an LSTM both the forcing and the evolving state raises skill further to
R2 = 0.84, because it can follow how the state changes over time, but the central point stands: the
memory that matters for sliding lives in the bed’s present condition, not in the recent record of
melt. Again, this result highlights the di”culty in predicting glacier response solely based on melt.

3.4 Two cross-glacier control regimes

Comparing which variables the per-glacier models rely on reveals a clean split (Figure 7). At Drang
Drung the water system dominates, with e!ective pressure and head together accounting for most
of the importance, and Thwaites is similarly led by hydraulic head. This finding at Thwaites is
particularly noteworthy, based on the water extraction simulations studied here. Antarctica does
not currently experience much (if any) seasonal surface meltwater that drains to the bed, but that
may change as the climate warms. It could shift to a regime more similar to Greenland, with
strong seasonal dynamic cycles. Our results show that the behavior of Thwaites is sensitive to
variations in subglacial water pressure. At Helheim and the northwest Greenland margin, by
contrast, the bed’s shape dominates, with bed elevation and ice thickness carrying most of the
weight. Across all four glaciers the meltwater input itself carries almost no direct importance,
reinforcing that what matters is the pressure state the input produces, not the timing, magnitude,
or location of input. Placing each glacier on a plane of hydraulic reliance versus geometric reliance
separates them into two regimes (Figure 8): hydraulically controlled beds (Drang Drung, Thwaites)
and geometrically controlled beds (Helheim, northwest Greenland). The separation holds when the
analysis is restricted to physical variables. This matters for parameterization: a sliding law tuned
for a hydraulically controlled bed should not be expected to transfer to a geometrically controlled
one, and the plane indicates where that mismatch is likely. While much research is aimed at finding
a universally applicable sliding law, this finding suggests that a single universal law might not be
possible or appropriate, but rather that distinct parameterizations could be used based on the
dominant control.

3.5 Reusable embeddings and improved routed answers

We examine the self-supervised fleet and its routed interface. We see stable training for the
per-glacier encoders, with the prediction loss falling by about an order of magnitude and no
indication representational collapse. The learned embeddings use roughly 25 to 27 of their 64
available dimensions (Figure 9), indicating rich but compact representations. On the
question-answering evaluation (Figure 10), routing a query to the relevant glacier specialist
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Figure 7. Dominant controls by glacier. Impurity-based feature importance for the per-glacier random forests at
Drang Drung, Helheim, Thwaites, and the northwest Greenland margin. Hydraulic variables (e!ective pressure,
hydraulic head) dominate at some glaciers and geometric variables (bed elevation, ice thickness) at others, while
meltwater input is consistently unimportant.

Figure 8. Two control regimes. Each glacier is placed on a plane of hydraulic reliance (importance of e!ective
pressure and head) versus geometric reliance (importance of bed elevation and thickness). The diagonal separates
hydraulically controlled beds (Drang Drung, Thwaites) from geometrically controlled beds (Helheim, northwest
Greenland).
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Figure 9. Self-supervised pretraining of the fleet. Training curves for the per-glacier encoders, showing the
prediction loss and the variance-covariance regularization term over training on a logarithmic vertical axis; the
e!ective dimensionality of each learned embedding is annotated. Losses fall smoothly and the embeddings show no
representational collapse.

improves answer quality over a generalist-only baseline by a similar margin for both language
models (about +0.21 for Claude Sonnet 4.6 and +0.20 for Claude Opus 4.7 on the judged score).
Adding supplementary generalist context on top of the specialists, however, helps only the more
capable model (Opus, about +0.07) and hurts the less capable one (Sonnet, about →0.24),
demonstrating a pattern previously seen in land-surface embeddings [44]: extra context is useful
only to a model able to reason over it. Routing itself is accurate, recovering the intended glaciers
with Jaccard scores of 0.85 for Sonnet and 1.00 for Opus.

4 Conclusion
We studied basal sliding in coupled SHAKTI-ISSM simulations of four glacier domains with
interpretable machine learning, and organized the learned structure into a queryable system.
Interpretable models reproduce the simulated sliding once they are given the state of the bed,
whereas meltwater forcing alone carries little predictive value. An e!ective-pressure control on
sliding that appears near zero in total ice velocity becomes evident once the sliding component is
isolated. The predictive memory of the response sits in the present state of the bed rather than in
the recent history of melt, which the bed has already integrated into its pressure. Across the four
glacier domains the dominant controls separate into hydraulic and geometric regimes, and the
meltwater input is never itself a direct control. A fleet of self-supervised per-glacier encoders learns
compact embeddings, and routing a question to the relevant specialist improves the answers, with
added context helping only the more capable language model.

Several limitations frame these conclusions. The targets are simulator output, so the learned
relationships reflect the coupled model and its prescribed sliding laws; four glaciers are enough to
reveal two regimes but not to chart their full range; and the temporal analyses center on one focal
glacier. The natural next steps are to extend the fleet to more glaciers and, where data allow, to
test the recovered controls and regimes against borehole and surface measurements, and to grow
the interface from question answering toward guided exploration of where sliding behavior diverges
across settings. Together, these steps would broaden what can be learned from subglacial
simulations and what can be inferred about the subglacial system from observable quantities.

Beyond the science, the longer aim is societal. How a glacier bed behaves a!ects how fast its ice
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Figure 10. Routed question answering. Left: judged answer quality along four dimensions (physical correctness, use
of evidence, regime awareness, clarity) for the two language models under the generalist-only, routed-specialist, and
dual configurations. Right: the e!ect of routing (routed minus generalist-only) and of adding generalist context
(dual minus routed) for each model.

is lost and how much meltwater reaches communities downstream, along with the risk of glacial
flooding, yet the people and water managers who must plan around these changes rarely have
access to easily scalable and useful glaciological information systems. This study is a step toward
closing that gap: knowing where a model’s account of sliding can be trusted makes its projections
more reliable, and making that account fast to run and simple to query brings it within reach of
non-specialists, including in the data-poor regions where it matters most. The foundation it lays is
a path from costly, expert-only simulations toward glacier knowledge that the people living with
these changes can actually use.
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