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Abstract.

Predicting surface melt on the Greenland ice sheet is critical for understanding surface mass balance (SMB) and sensitivity
to-climate-changeits sensitivity to a changing climate. Polar regional climate models (RCMs) are the primary tools for sim-
ulating melt and projecting future SMB, but different models produce significantly different results. However, they are too
computationally expensive to create the large ensembles needed to quantify this uncertainty. We develop a neural network
based emulator that predicts daily surface melt from atmospheric variables, trained on output from the polar regional-climate
model-RCM HIRHAMS and its firn model DMIHH forced by ERA-Interimreanatysis. The emulator uses a physics-informed

design combining short-term weather patterns-with long-term climate memory, capturing both immediate atmospheric forc-

ing and accumulated firn characteristics. Input selection study shows that turbulent heat fluxes, downwelling radiation, and

recipitation together with seasonal encoding suffice to reproduce surface melt. The emulator achieves mean absolute error
below 6:230.21 mm w.e. per day relative to the surface melt produced by DMIHH across all six Greenland drainage basins,

with the errors primarily attributable to spatial over-smoothing. Our work demonstrates that machine learning can successfully
emulate firn model behavior from climate forcing alone with computational costs orders of magnitude lower than traditional
simulations. Once retrained for specific climate forcings, the emulator thus enables extensive ensemble projections. Further-
more, the modular architecture can be readily adapted to emulate other SMB quantities such as runoff. This represents a
crucial first step toward computationally efficient emulation of polar regional climate models and surrogate modeling of SMB

components in Earth system modeling.

1 Introduction

The Greenland ice sheet (GrlS) is losing mass today, and it will continue to do so in the future. Runoff caused by surface
melt is a key component of surface mass balance (SMB), with increased melt leading to a negative SMB and subsequently a
decrease in mass. With ongoing atmospheric warming and the positive feedback of surface melt with albedo and the lowering
of elevation, surface melt will increase further in the future (Meredith et al., 2019). While future projections agree that melt

will increase, the predictions are inconsistent about the rate of this melt increase and associated SMB loss (Glaude et al., 2024).
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Polar regional climate models (RCMs) combined with a firn model show the best agreement with observational data among
different modeling approaches for predicting SMB (Fettweis et al., 2020). But they are also the most complex and computa-
tionally intensive approach, as they require running two numerical models: (a) the RCM to downscale atmospheric data from a
forcing global climate model (GCM), and (b) the firn model to infer surface mass balance based on the surface energy balance
(SEB) and firn properties that evolve from local atmospheric conditions. Both models are based on physical processes, mod-
eled with computationally expensive numerical schemes. Despite their common framework, polar RCMs such as HIRHAM
(Mottram et al., 2017; Langen et al., 2017), MAR (Fettweis et al., 2013, 2017), and RACMO (Noél et al., 2018) differ con-
siderably in their assumptions, physical process representations, parameterizations, and numerical schemes, producing notable
discrepancies in their SMB estimates (Fettweis et al., 2020). These discrepancies increase even more in future scenarios, as the
models exhibit different sensitivities to atmospheric warming, leading to a varying increase in melt water production, and in
turn to a positive feedback amplifying the models’ discrepancies even more (Glaude et al., 2024). The use of a diverse ensemble
of simulations is therefore crucial to mitigate model-specific biases and to improve robustness and reliability of projections,
as well as to evaluate the projections statistically (Glaude et al., 2024; Mankin et al., 2020). However, the high computational
costs of polar RCMs limit the generation of large ensembles.

In recent years, Machine Learning (ML) has shown great prospects in-being-used-for simulating various parts of the Earth
system (Pan et al., 2025; de Burgh-Day and Leeuwenburg, 2023; Reichstein et al., 2019). A-major-advantage-compared-to
physical models that can produce predictions at a fraction of the computational cost of the respective physical models, allowing
for the production of large ensembles (Tebaldi et al., 2025). More specifically, an emulator of a polar RCM could be used
to extend existing simulations over longer time periods, to complement projections under various Shared Socio-economic
Pathway (SSP) scenarios which were not covered by the original simulations, or to produce simulations under new climate
forcings. Additionally, emulators can be used not only for creating more simulations, but also for rapid hypothesis testing

besides emulating Earth
system components s-but-also-standalone, ML emulators can also be used for surrogate modeling within numerical Earth system

and sensitivity analysis. Moreover, M

models.

well-astemperally-aggregated-averages-overSML applications for firn and SMB modeling include approximating observational

data using reanalysis climate data (Vandecrux et al.

2

improving model estimates by observational data (Hu et al., 2021; de Roda Husman et al., 2024), or emulating firn model
outputs (Sellevold and Vizcaino, 2021; Veldhuijsen et al., 2025; van der Meer et al., 2023; Dunmire et al., 2024). These studies

redominantly employ tree-based methods like XGBoost, which builds an ensemble of decision trees where each successive
tree corrects errors from previous ones (Chen and Guestrin, 2016), or neural networks (NNs), +0;-and-30-years—Stmilarly;
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2024; Ogunmolasuyi et al., 2025; Bolibar et al., 2020; Anilkumar et al., 2023
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which stack nonlinear transformations to approximate complex functions (Goodfellow et al., 2016). While XGBoost offers

simpler deployment, NNs can achieve superior performance given sufficient training data and careful tuning (Tyralis et al., 2021; Wesselkan

Furthermore, ML techniques for image super-resolution methods that reconstruct high-resolution images from low-resolution

counterparts ;—which-have been adapted for downscaling meteorological variables in—varieus—ways{(Sun-et-al52024)—While

: de Roda Husman et al. (2024) uses such a ML _downscaling approach to downscale SMB to a higher spatial resolution,
while van der Meer et al. (2023) infers SMB directly from coarser-resolution climate fields at a coarser resolution, effectively.
emulating both the RCM and the firn model, simultaneously. While this approach delivers SMB estimates directly from GCM
data without intermediate climate downscaling, separating these processes offers key advantages. Downscaling is inherently

spatial, requiring models to capture atmospheric dynamics and topographic effects, whereas firn models operate on one-dimensional

vertical columns. A standalone firn emulator trained on local atmospheric forcing learns location-agnostic relationships that
generalize across different locations and climate states. rather than encoding spatial patterns specific to the training domain.
This design enhances robustness, since unusual melt events triggered by specific atmospheric conditions can be predicted even
at atypical locations if similar conditions occurred elsewhere in the training data.

forExisting works operate at annual or monthly timescales and use only the current timestamp data for regression, with onl
Veldhuijsen et al. (2025) and Vandecrux et al. (2024) incorporating multi-scale temporal aggregation to capture slow-evolvin

testemporal history required for daily melt
redictions remains unexplored. Firn properties integrate conditions over years to decades, whereas surface melt responds to
daily atmospheric forcing but also evolves gradually, suggesting temporal history is necessary. Additionally, most approaches

Sun et al., 2024; H



rely on air temperature as a melt proxy rather than direct physical drivers of the surface energy balance, i.e., turbulent heat

95 fluxes and radiation, even though these variables are available in reanalysis products and polar RCMs.
In this study, we 119 i a

these gaps by developing a NN for emulating GrIS surface melt, based on model output from the polar RCM HIRHAMS
(forced by ERA-Interim). Fhe- NN-is-designed-to-be-modular-and-physi -informed-We thereby focus on two key aspects

that distinguish our approach from existing work: First, we operate at daily resolution, introducing new challenges due to the

100 high temporal variability of surface melt compared to monthly or annually aggregated data. To address this, we design our
NN in a physically informed way with separate modules, extracting short- and long-term information from daily and 10 year
aggregated data separately. We systematically test the impact of including short-term history and long-term information, as
well as configurations including albedo or the previous day’s melt. Second, we expand the range of input variables compared

to previous studies. Contrary to most existing work which rely primarily on air temperature and precipitation data, facilitating

105 future-extenston—to-emulatingrunotfand-otherfirn—processes—We-optimize-the—chotee—ofatmosphe vartables—and-the

naddress

the SEB. We then conduct a systematic input selection analysis to assess the impact of including atmospheric variables beyond
110 the direct SEB drivers, as well as seasonal information. We find that snowfall, rainfall, and seasonality are important predictors
in addition to the direct SEB terms, while including air temperature does not increase model performance any further.

This work is thef ~
emulation of SMB processes in polar RCMs, with surface melt being a key component of GrIS SMB. While our location-agnostic
architecture is applicable to different polar RCMs and future scenarios, application requires validation under data distribution

115 shift and potential retraining on the respective RCM outputs, which we identify as important next steps. We demonstrate that
our NN accurately reproduces daily melt patterns across the whole GrlS, while requiring only approximately one minute of
computation per year on a single CPU. demonstrating that emulators can match physical model accuracy at a fraction of the
computational cost.

2 Materials and methods
120 2.1 Data

For the creation of our emulator we use daily output of the polar RCM HIRHAMS with its firn model DMIHH, forced by ERA-

Interim for the period 1980-2016 (Langen-etal;20+7)-taken from Langen et al. (2017). We first describe the HIRHAMS5-DMIHH

simulation data to understand its internal consistency and the physical relationships it builds upon. which motivates the design

of our NN and the systematic input selection study performed in this work. Thereafter, we describe the data cleaning and
125 processing for training the NN,
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21.1 HIRHAMS-DMIHH simulation data

albedo parameterization dependent on surface temperature, to determine the energy and moisture flux interactions at and below.
DMIHH is a one dimensional model organized in 32 layers —Fhe-surfacetayeris—updated-bytotaling 60 m w.e. of firn,
HIRHAMS mass fluxes (snowfall, rainfall, deposition/sublimation;-and-energy-fluxes-fromradiation-, sublimation), downwelling

from—thetayers—below S H F) update DMIHH hourly at the surface. The surface state is then—determined via the energy
budgetSEB, with surface temperature being bound above by 0°C, and any excess energy producing surface melt—Surface

albedo-;

~

SEB=(1-a)SW*+LW*—LW'+ LHF +SHF + GHF, (D

where GHF is the ground heat flux from the layers below, and LW the upwelling longwave radiation depending on the
surface temperature. The surface albedo ¢ is calculated internally based on spew-depth-and-surface—temperature——itfals
surface temperature and snow depth, with o = 0.85 for cold snow, decreasing to 0.65 as the surface warms toward the melting
pointand-decreases-further-when-snow-is-shallow, and dropping further as surface snow diminishes, with o = 0.4 at lowest

for bare ice exposure )

zero snow fraction in the surface layer). While snowfall and rainfall are not directly part of the SEB, they have an indirect

influence via the albedo: rainfall is simulated with a temperature of 0°C and thus warm the surface if its below the meltin
oint; snowfall increases albedo if snow depth is low. The firn model runs offline, which means that atmospheric data applies

forcing to the surface without feedback from the surface back to the atmosphere. Consequently, the latent and sensible heat

fluxes are prescribed by the RCM without adjustment for actual surface characteristics. While-downward-shert—andlongwave

adiat: o a alco-preg hed-b ha RCN he yoeard—f ac ara oo ad
a a y v HPW H arcy

DMIHH simulation was spun up by repeatedly cycling 1980-1989 until decadal means of runoff and subsurface temperatures

reached a steady state, then run continuously for 19802016, with daily ageregated SMB outputs and their associated drivin
HIRHAMS outputs saved for the full period. This temporal aggregation potentially constrains melt emulation accuracy by

smoothing sub-daily variability and short-lived extremes that control timing and peak rates of melt. However, daily resolution
enables broader utility in future applications, aligning with the typical daily temporal resolution of both GCM eutput-and-and
RCM output, as well as current ML downscaling approaches.



Data-eleaning
2.1.2  Data cleaning

Although data from physical simulations are generally consistent, they may still contain extreme values and outliers caused by

160 numerical instabilities, although these are very rare. While these individual outliers do not affect the overall assessment of mod-

eled melt or other properties, they can be-problematie-whentraining-ME—medelsdisproportionately influence gradient-based

optimization, distort the loss function, and impair stable convergence during ML model training. In order to decide how to treat
these extreme values and outliers we must consider their source, their impact, and relation to other variables.

Aggregating rainfall and snowfall to daily values during postprocessing, some negative rainfall values arise as numerical

165 artifacts. We set these values to zero for consistency. Furthermore, rainfall and snowfall show some suspiciously high values of

up to about 700 and 1000 mm w.e. per day, respectively. Although they are likely caused by numerical instabilities in high relief

topography, we do not correct these values to preserve consistency between the precipitation and the firn model output data

used as target. However, we transform both rainfall and snowfall data by applying the logarithm (after adding 1, ensuring the

transformation is well-defined for O values), which compresses these very high values. While this transformation neither adds

170 nor removes information, it improves the data’s usability for ML model training by preventing small values from vanishing in
numerical noise relative to large outliers.

In rare instances, numerical instabilities also produce events of surface temperature runaway, which-tead-leading to unreal-
istic surface temperatures approaching 6-Kelvin-and-assoctated-0 K due to excessive surface cooling from sensible heat flux
vatues-as low as -400 W m~2. We correct these heat flux values to a lower bound of -140 W m~2, which was the lowest

175 sensible heat flux observed in simulations unaffected by the runaway. The ranges for sensible and latent heat flux span several
hundred watts per square meter, yet the majority of the data are concentrated in a very narrow range. To expand the narrow
and compress the large range-of ranges, we transform heat flux values ;-we-apply-2 with a symmetric logarithm transformation

symtogla)—sgniz)—togite symlog(r) := sgn(x) - log(|z|/ 4 1) according to Webber (2013), with A = 5 for katent
heat-fhx-LH I and \ = 15 for sensible-heat-fluxS H I, corresponding to approximately half of their respective inter-quartile

180 ranges.

b ionf ..
2.1.3 Data preparation for trainin;

For training a ML model we need a data set to train the model (training set), a dataset to monitor the progress during training and

uide decisions during model development (validation set), and an until then unseen set for the final model evaluation (test set).

185 When splitting data, internal dependence structures (e.g., temporal or spatial autocorrelation, data grouping/clustering) together

with the modeling task need to be considered to avoid information leakage into the training set (Auffarth, 2021; Roberts et al., 2017

structured data, this necessitates splitting along the time dimension in contiguous blocks (e.g., entire years
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rather than individual samples (e.g., single days) to preserve temporal independence and ensure the validation and test sets

remain truly distinct from the training set.
We split the data spanning from 1980 to 2016 into the three separate periods: a training period (1990-2013), a validation

period (2014), and a test period (2016). The first 10 years of data (+1986—19961980-1989) are included indirectly in the training
set as decadal averages for the long-term module. To prevent information leakage between training and final evaluation, we
introduced a one year gap between the validation and the test period, which is a common strategy for evaluating models using
data with a structural dependency (Géron, 2019; Roberts et al., 2017). Although the time windows for calculating the decadal
mean conditions still overlap, this overlap is considered to have negligible impact on the validity of the tests because this study
focuses on a relatively short period lacking significant trends. Therefore, the decadal means primarily capture location specific

characteristics rather than temporal development.

y-Our data split prioritizes
maximizing the training set to_expose the model to a broad range of atmospheric conditions and interannual variability.
Consequently, we allocated only single years for validation (2014) and test (2016) periods. While the representativeness of
the test set is important to report unbiased final model performance, the representativeness of the validation set is important to
make fair decision during model development. Expanding either set to two or three years would reduce training data without
guaranteeing improved representativeness. To mitigate potential bias from using single-year periods, we instead verified that
both 2014 and 2016 were non-anomalous years in terms of total melt extent (Appendix A).

For a model to successfully learn a specific task, we need not only a big quantity of data, but sufficient quantity of data
that is actually relevant for the specific task we aim to solve. HIRHAMS-operates-at-a-The spatial resolution of 5-5—restlting
0.05° x 0.05° results in 58391 grid cells for the Greenland-ice-sheetGrlS, and thus just as many samples for every single day in
the data set. HoweverWhile selecting a long training period of 23 years ensures large interannual variability in the training set,
not all of this data is-rich-in-information-contains information that is relevant for solving our task, since surface melt is zero, or

very close to zero, for large areas of the ice sheet and a substantial part of the year. We-signifieantly-Additionally, neighborin

rid cells often exhibit very similar behavior, meaning that large spatial datasets can contain considerable redundancy with

respect to the melt patterns relevant to model learning.
To reduce the portion of low-relevance data samplesthrough-, we apply strategic sub-sampling in time and space. The

temporal sub-sampling reduces the number of no/low melt days by randomly sampling 100 days per year from a normal
distribution centered around the 24th of July (as peak of the melt season) and a standard deviation of 60 days. The spatial
sub-sampling, on the other hand, favors grid cells in high melt areas over dry areas by selecting 5000 grid-cells according to
predefined zone specific probabilities (see Appendix B).

By sub-sampling 5000 grid cells and 100 days per year from the training period, we create a training set of 12 million
samples, reducing training costs significantly compared to the full data set of 511 million samples. While only about 6% of the
full training set show melt above 1 mm w.e. per day, the temporal and spatial sub-sampling increase this ratio to approximately
26%. This sub-sampling stabilizes the training process; without it, the network tends to converge to the trivial local minimum

of constantly predicting zero melt. We monitor training progress on the likewise sub-sampled validation set, but conduct model
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comparisons on the entire validation period data set to inform design choices, and report final performance on the entire test
period data set.

As input-datainputs for our NN, we select atmospheric variables that deminate—the-surface-energybudgetnear-surface
SHF, latent heat flux the dewnwelinglongwaveand-the- L H I, downwelling longwave LW+, downwelling shortwave radi-
ation SW ¥, rainfall R, snowfall S, and near-surface (2m) air temperature 7'. We denote these input variables at daity-ageregated
daily resolution X. In addition, we include the cyclic features E-=—ces{5Z-PO¥-and-S-=sin{ZPOY ) cos(2Z DOY )
%wwith DOY the day of year) to encode seasonality in our model. Lastly, long-term history is represented by
aggregates of the input variables over the previous 10 year averagenear-surface-air-temperature-and-snowfall, denoted by X;.

The target variable is daily surface melt. Since absorbed shortwave radiation is highly sensitive to surface albedo a, we also

test model setups thatineorperate-albedoincorporating o.. As a last preprocessing step, all the data is standard scaled to zero

mean and unit variance with respect to the sub-sampled training data.

2.2 Emulator design

Since we aim to emulate surface melt modeled by the HHRHAMS-DMIHH firn model, we refer to that modeled surface melt
as the ’true’ melt. The output of our ML model is called the ’predicted’ melt or *prediction’. With #4{#)-5M (t) denoting the
true melt, and Mét—}mm predicted melt for a specific day ¢, we formulate our problem as finding a NIN-function f such
that

MSM(t) ~ SM(t) = f(Xa(TT), Xi(t),SM(t - 1)), @

for all days ¢, where X{7)-X;(T ) represents the daily input variables for N + 1 days F={—N-t}T ={t —N,....t},
X (t) the long-term inputs leading up to day ¢, and M&t—l—}%the melt prediction of the previous day.

Many approaches can yield an appropriate approximation function f, and there is a priori no single best algorithm. Rather:.
the choice depends on factors such as the type of the problem, the type and complexity of the data, as well as its quality and
uantity available for training (Goodfellow et al., 2016; Wesselkamp et al., 2025
the data set and the large amount of available data, we have chosen a NN for regressing the surface melt based on atmospheric

. Given the highly nonlinear characteristics of

2.2.1 Neural Network Fundamentals

A NN is composed of k layers, which represents a concatenation of functions such that

the previous layer’s outputs, combines them linearly, applies a nonlinear activation function, and passes the results forward to
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the next layer. The coefficients of these linear combinations are the parameters that are optimized during training of the NN.
The output layer k yields the final prediction, while the previous layers are called the hidden layers. Each layer consists of
neurons which represent the number of outputs of each function f;, and NN structures are often summarized by denoting the

number of neurons of each (hidden) layer, e.¢., a network with three layers containing 10 neurons each is written as *10-10-10’

2016). The hidden layers typically share the same non-linear activation function, e.g., Rectified Linear

Goodfellow et al.,

Unit (ReLU). We use LeakyReLU activation function in the hidden layers, a computationally efficient variant of ReLU that

mitigates the drawbacks of classical ReLLU (Dubey et al., 2022). The output layer often uses a different activation function than

the hidden layers and is based on the task. Since our task is a regression task, we use no activation function. The whole network

operates on scaled data; during inference the model predictions are reverse-scaled and clipped at zero to ensure non-negative

melt predictions.

265 2.2.2 Network architecture

Short-term module

Long-
term
module

Regression module

Figure 1. Schema-Schematic of the modular neural network with teng-term-short-term module, short-term-long-term module, and regression
module W, the aﬁ*ﬂiafy—fafgeh&%lggivovr@\l/gg@i@and the autoregressive melt-element (dashed elements).



We designed the neuralnetwork-in-NN in three separate modules: two feature extraction modules and one regression module,
as depicted in Fig. 1. The first extraction module, the short-term module, takes the daily inputs X4 of days ¢t — IV, ..., t as inputs
to determine the current forcing on the surface layer. Furthermore, it incorporates the seasonal encodings &-and-S-for day ¢,
intended to approximate the firn cold content through seasonal indicators.

270 The second module, the long-term module, uses the long-term inputs X;. These long-term inputs are motivated by the
spin-up procedure common to firn models and are meant to describe the prevailing firn characteristics at a site. We include
these inputs alongside the seasonal encoding to provide location-specific information on firn cold content and bare-ice exposure
risk—proneness, which are factors that affect surface albedo and, consequently, surface melt.

The outputs of the two modules are then concatenated and fed into the final regression module which outputs the melt

275 prediction Mét—}%for that day. While our proposed model Modular-NN-configuration, Modular NN, consists of these
three modules only, the network can be extended further by an autoregressive element, or by additional target variables. The
autoregressive element (dashed arrow in Fig. 1) feeds the melt of the previous day back into the daily module of the network
to include the self—enhancing effect of surface melt.

Alternatively, we use albedo as additional target variable since simultaneously learning albedo might improve melt predic-

280 tions (Cipolla et al., 2018; Sadler et al., 2022). In this case, Eq. (2) holds true not only for melt #-5 )/ but simultaneously for
albedo. While the weights of the NN f are shared for predicting melt and albedo throughout most of the network, the regression
module branches before its final layer, with separate last hidden layers for the two output neurons predicting melt and albedo

(indicated by the dashed neuron connections for albedo output in Fig. 1).

Given this network design described above, we develop our emulator in two stages. First, we optimize the network configuration
285 while keeping the atmospheric input variables fixed. Then, using the best configuration, we study how using different subsets
of atmospheric variables as inputs affect model performance by retraining on multiple variable subsets.

2.2.3 Network configuration study

~To determine the necessary yet sufficient
network modules and elements, we developed our configuration iteratively, by sequentially tuning the network configurations
290 listed in Table 1. During this process we keep the atmospheric variables used for inputs fixed: As daily inputs Xy we use all the
relevant atmospheric variables SHF, LHF, LW, SW*, R, S, and T together with the seasonal encoding. As proxy inputs

for the long-term conditions X; we use the 10 year averages of .S and 7.
The simplest configuration, Regression NN, consists only of the short-term module, with-using climate conditions of only

the current day ¢ as input (i.e. N=0), representing a pure regression model without any short-term or long-term historical

295 information. This results in 9 input features (7 climate variables + 2 seasonal encoding variables), and we choose the hidden

layers of the network to be 64-128-128-64-32-16-16, terminating in a single output neuron for melt prediction.
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Table 1. Overview of network configurations ordered by complexity, with their respective use of number of previous days N in the short-

term module, the long-term module, the-autoregressive-elementand-albedo-a as auxiliary-additional target variable (Multitarget NN), and
the autoregressive element (AutoregNIN). Our main medet-configuration Modular NN is indicated in bold. While Modular NN does not use
atbedoq, we also trained a version of Modular NN with atbedo-ac as input as an upper thresheld-benchmark for performance.

N long-term autoreg atbedo-a

Regression NN no no no
Short-term NN no no no
Modular NN yes no no

Autoreg NN-Modular NN w. . yes yesnemo  asinput

S\O\o\oooo

Afbedo-Multitarget NN yes no as target
Autoreg NN yes yes o,

The long-term module has two input neuronsfer-the10-years-average-of temperature-and-snewfall), and we choose two hidden
layers of 32 neurons each. The hidden layers of the Shert-termNN-are-split-up-into128128-256-for-the-short-term module ;

and-256-128-64-32-16-16-for-comprise 128-128-256, and the regression module —Autoreg- NN is-based-on-the-configuration
btat-the-melt-ofthe-previous-day tsused-as-addittonal-nputtncontrastAlbedo NN doesnotusean

[ '.';'3""' A uned-to-serve-as-a-simple-baseline-model: ...A,A==.- N as tuned-with-va &Amm
the extracted feature from the two modules comprises 256-128-64-32-16-16. We tuned the number of the of preceding days

N € [1,10] to-find-the-optimal-number of days-to-be-used-in-theshort-term-moduler-with-and found that N = 9 yielding resulted
in the best performance on the validation set. To investigate the necessity of the long-term module, we then-fix the number of
past days at N = 9 and tune the network without it(Short-term-NN)-the long-term module (Short-term NN). This results in

To investigate the impact of the surface albedo a, we train a configuration Modular NN w. o, where « is included in the
daily inputs X4 While this model cannot be used for firn emulation since « itself is an output of the firn model, this model
serves as upper benchmark. In contrast, the model Multitarget NN does not use a as additional input but as additional target,

11



320 so that the model can learn « and its impact on melt production. Multitarget NN results in two output neurons, one for melt
and one for albedo. Next, we test whether incorporating an autoregressive step in the modular-Modular NN improves model

performance. Autoreg NN is thus also based on the configuration of Modular NN, but the melt of the previous day ¢ — 1 is used
as additional input. Autoreg NN is tuned using the true previous melt as input during training (called teacher-forcing), although

we also experimented with autoregressive learning approaches using the previous prediction directly during trainingfer-mere

325 detailssee-. More details on the tuning process can be found in Appendix C)-—Finally;-we-explore-theeffectofincludingsurface

2.2.1 Systematic input selection stud

We perform a systematic input selection study on our identified best-performing configuration Modular NN. In ML, such
studies are called input ablation or sequential input selection: input variables are iteratively added or removed (ablated), and
330 model performance is assessed after retraining, This approach assesses the necessity of each input variable for solving the task,
contrasting with post-hoc feature importance analyses (e.g.. SHAP (Lundberg and Lee, 2017)) that evaluate how much a given
feature contributes to an already trained model’s prediction (Flora et al., 2024; Molina et al., 2023). The goal is to include all
necessary variables while excluding redundant ones, as they inflate model complexity and can damage model performance,
generalization, and interpretability. Finding the relevant features is not always straightforward and should not rely solely on

335 feature correlation, but include domain knowledge (Theng and Bhoyar, 2024).
Since we know the direct drivers and mechanisms of melt production, i.e., the information-content-available from-albedo-However;

alone;-we-also-train7Adbedo NN-SEB terms according to Eq. 1, we can systematically aggregate and remove inputs based

on domain knowledge. Our input selection study is summarized in Table 2, and is twofold: The first part is to sum up the

340 energy input terms LI, w is- i i LHF. and SIF, since they

all contribute equally to the SEB. The NN needs only to learn from total energy input rather than the individual components,

improving model robustness while reducing complexity. In contrast, SW* needs to be handled separately, because albedo

strongly determines the energy finally absorbed by the surface. We define Modular NN EBMT,, which uses daily inputs of

the energy balance variables EB (with LW*, LH F, and SHF summed up. and SW* separate), the mass variables M (S and

345 I). and the near-surface temperature 7. The long-term inputs remain the same as in the default Modular NN (10 year averages
of Sand 7).

The second part is a classical input selection study, sequentially adding and removing input variables. For this we start with

a more extensive model, Modular NN EBMT, using all the atmospheric variables from the short-term module also in the

long-term module. This allows us to determine the importance of long-term energy input rather than relying on temperature

350 T as a proxy. We then sequentially remove variables: removing 7' yields Modular NN EBM (energy balance and mass terms

only); removing R yields Modular NN EBS (energy balance and snowfall); removing S yields Modular NN EBR (energy.

balance and rainfall).

~
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Table 2. Overview of the input selection study: Modular NN with the inputs used in the configuration study serves as the baseline. With the
network configuration fixed, we vary the atmospheric variables used as inputs. With d we indicate variables used in the short-term module,
and [ variables that are used as 10 year averages in the long-term module. The starred versions d* and [* indicate that the variables spanned

by the line are summed up and provided as a single input to the model.

Modular NN_ ¢ 4l dl 4 4 4 4 d
Modular NN EBMT,. ¢ Al dl 4 d —d
Modular NN EBMT 4 Al dl Al dl —d T —
Modular NN EBM d dl Al 4l —d T —
Modulas NN EBS d . L —
Modular NN EBR d L Al ——d
Modulas NN EBMagpoy. dl Al 4l —d T —

2.3 Emulator trainin

Each configuration is trained multiple times for 300 epochs, respectively, tuning the learning rate using the Python library
Optuna (Akiba et al., 2019) for Bayesian optimization. We use Adam optimizer (Kingma and Ba, 2014), a batch size of 256, a
learning rate decay factor of 0.9 every 50 epochs, and gradient clipping to a norm of 1 to stabilize training. For a more detailed
description and the results of the tuning procedure, see Appendix C.

We performed the training on an NVIDIA GRID A100D-40C GPU with 16 vCPUs (128 GB RAM). Individual training runs
required approximately 25-45 minutes, depending on the complexity of the configuration. While our network configurations
are regarded small in a deep learning context, the large volume of data is the critical factor in training time, and the data loading
process remains the bottleneck in our pipeline despite heavy optimizations: For efficient data loading, we saved the training
data in zarr chunks by date, with each chunk containing the samples of all 5000 sub-sampled grid cells ;-to minimize number
of chunks that need to be opened and loaded. Thus, during training we read batches of 256 chunks, which leads to an effective
batch size of 256 - 5000 = 1280000 samples. The batch size of 256 is thereby limited by the GPU memory, and the data loading
is distributed across multiple CPUs in parallel to achieve high data throughput. After the model is trained, generating one year
of melt predictions from preprocessed input takes approximately one minute on CPU. Although preprocessing (computing

10-year averages, data cleaning, scaling, and reformatting to zarr files) requires up to two hours, the total computational cost

remains far lower than sfor the physical firn model

which needs 2.5 hours on 16 CPUs per simulated year.
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2.4 Evaluation strategy

For final evaluation of our models, we use the test set (year 2016), which has not been used during training or to inferm-any
further-modeling-guide any model development decisions. For each configuration, we select the model from the tuning proce-
dure that performed best on the validation data set, and report its root mean square error (RMSE), mean absolute error (MAE),
mean bias error (MBE), and the coefficient of determination (R?). Alongside the performance of our different model configu-
rations, we provide a reference benchmark consisting of a running climatology of surface melt. This climatology is computed
from the training set and smoothed with a 15 days-day moving average. Comparing the emulator skill to this benchmark, we
can differentiate whether the emulator simply learned the climatology ;-or whether it also learned to predict the variation and

anomalies relative-to-from climatology, which is the actual purpose of the emulator. We therefore also report the R? on the

2
anom

diseuss-error-patterns qualitativelyof true versus predicted melt values, and maps of true and predicted melt alongside with
For the final model, we evaluate spatial and temporal biases through seasonal melt maps and basin-wise timeseries analysis.
SMB outputs are often used in aggregated form per basin, which exhibit-very-different-atmesphericforeingsexperience very

different climatic regimes in terms of snowfall, long-term net snow accumulation, rainfall, and combination of surface melt
2020; Lenaerts et al., 2020; The IMBIE Team, 2020; Vandecrux et al., 2019; Wang et al., 2021). To as-

sess whether our location-agnostic model performs consistently across the—tee—sheet-these different conditions or exhibits

anomalies with respect to this climatology (R},.,,). Fhe-error-Error tables are further complemented by visual evaluations to

drivers (Fettweis et al.,

basin-specific biases, we evaluate model performance separately for each basin, using the basins definitions shown in Fig. 2
(from Fettweis et al. (2020)). Because internal variability produces large inter-annual differences, an evaluation based on the

test year alone can be misleading. Therefore, we perform the basin-wise assessment over-the-full-period-not just for the test
ear 2016 but across the entire period 1990-2016-Although-this-multi-yearevaluationecan-yield-overly-optimistic performanee

14



Figure 2. Map-Partitioning of Greenland into six basins N (north), NE (north-east), CE (central-east), SE (south-east), SW (south-west), NW
(north-west) used in the evaluation.
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3 Results and discussion

3.1 Evaluation of the configuration stud

Table 3. Performance for surface melt prediction of final models from the configuration study evaluated on the test set. RMSE, MAE, and

MBE in mm w.e. per day; R the standard coefficient of determination, and R2,,, is relative to anomalies from climatology. The five models
t. Autoreg NN (teacher) and

are ordered by increasing model complexity;—with

Med-Modular NN w. albedo use firn model output as input variables and are only listed for comparison.

RMSE MAE MBE R? RZ,.
Climatology 2.30 0.56 -0.17  0.78 -
Regression NN 1.60 0.40 0.05 0.89 0.51
Short-term NN 1.23 0.26 0.01 094 071
Modutar NN-Modular NN 0.90 0.18 -0.01 097  0.85
wlo-seasonatity 6:96-019-6-02-0.06-6:83-Autoreg-Multitarget NN 090 6450.17 -6:66-0.01 097  0.85
Aldbedo-Autoreg NN 090 6470.15 -6:6+-0.00 097  0.85
Autoreg NN (teacher) 0.40 0.08 0.01 0.99 0.97
Mod—watbedo-Modular NN w. o 0.24 0.05 -0.00 1.00 0.99

We start by analyzing overall mean performance over the entire ice sheet. The performance of the best models from the tuning
process (Appendix C: Table C1; Fig. Cla) on the test set are summarized in Table 22?3. All five configurations outperform
the climatology benchmark, and performance increases with model complexity from a MAE of 0.40 mm w.e. per day for
Regression NN, to 0.26 mm w.e. per day for Short-term NN, 0.18 mm w.e. per day for Modular NN, 0.17 mm w.e. per day for
Albedo-Multitarget NN, and 0.15 mm w.e. per day for Autoreg NN. The other metrics show improvement from Regression NN

to Short-term and Modular NN, but then plateau. Thus, information about the past few days and long-term history is essential.

‘Autoreg NN shows that the autoregressive
element does not significantly improve performance further in inference mode&e—whe&ﬁﬁﬁg%&pfewetwda%%pfedieﬁeﬂ
v, Where previous predictions are
recursively used as input. In contrast, evaluating Autoreg NN in teacher-forced mode —demonstrates that information contained
in the previous day’s melt is indeed predictive. This discrepancy indicates that, while the autoregressive signal is informative,
its benefit is limited in practice by error propagation during recursive rollout.

The additional expenment Med—’vvﬂ}bede%a%eekefrmhe Modular NN th&tmpeffaﬂe&e%%uffaee—a}bede—fef

with « highlights the
impact of albedo on accurately estimating surface melt, as providing a enables the model to achieve excellent performance
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with almost perfect R? scores of 0.99. However, since albedo is an output of the firn model, this model configuration cannot

415 be used as an emulator. Moreover, since albedo is strongly connected with surface temperature (given sufficient snow depth),
it implicitly encodes the presence of melt, though it does not uniquely determine its magnitude. As a result, it remains unclear
whether the improvement in melt prediction arises from the model accurately capturing absorbed shortwave radiation or simply.
from albedo serving as a direct indicator of melt on non-bare ice grid cells. In contrast, augmenting the model to predict albedo
as an additional target (Multitarget NN) does not improve melt estimates.

420 Point-wise evaluation

3.1.1  Point-wise evaluation
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Figure 3. 2D hexagonal binning plots of true versus predicted surface melt of the test set of the five-different models. Note that (d) uses the

firn model output albedo as input variable and is thus only listed for comparison. The logarithmic color bar is valid for bins containing up to

10° data points; bins containing more than 10° points are indicated in black for better visibility.
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Across all models, the RMSE substantially exceeds MAE, indicating considerable under- and overestimation of melt across
melt events of all magnitudes, as shown by the dark blue colored hexagonal bins in Fig. 22?3. The superior performance of
Modular NN, Autoreg NN, and Atbedo-Multitarget NN compared to Regression NN and Short-term NN stems primarily from
improved predictions for a majority of data points for melt events up to 50 mm w.e. per day (narrower dark red band in
Fig. 22(e)—(e)-compared-to-(a)-and-(b)3c, e, f compared to a and b). For Modular NN, 64% of the RMSE is attributable to
absolute residuals up to 5 mm w.e. per day, a further 34% to absolute residuals between 5 and 15 mm w.e. per day, and only
2% of the RMSE to absolute residuals exceeding 15 mm w.e. per day.

Modular NN (Fig. 3c), Modular NN with o (Fig. 3d), and Autoreg NN (Fig. 3f) show some notable overestimation pattern
of melt events above 50 mm w.e. per day. This systematic deviation originates from an unusually early melt event in April in
the SW basin, where severe overestimation occurs on only one single day (Fig. D1). While the model successfully predicts
the unusually early surface melt for most days during this event, one particular day exhibits sensible heat flux values up to

460 W m~2. While such extreme sensible heat flux values also appear in the training set, the combination of an anomalously

large heat flux with unusually early melt creates conditions that are effectively out-of-sample.

3.1.2  Qualitative assessment

But what causes these over- and underestimations? For this, we look at a typical day from the peak melt season in the test set

in more detail. Figure 22-4 shows true and predicted melt, alongside residuals, for different models for a day in July. The melt

maps are given together with the daily melt extent (ME) in km?, whereby we only consider melt > 1 mm w.e. per day, and its
median and IQR in mm w.e. per day.

Modular NN predicts spatially over-smoothed melt fields, evident in both the predicted field itself and the residual map ¢b)in
Fig. 4b, which also leads to a larger ME. Autoreg NN in teacher-forced mode (Fig. 4d) shows substantial improvement in the
spatial structure, with more pronounced contours in the predictions. However, the true previous melt used to make teacher-
forced predictions is not available when applying the emulator to new climate data, where the model is run in inference mode,
using its own prediction of the previous day. While the predicted melt field in inference mode (Fig. 4c) still exhibits sharper
contours compared to Modular NN, the residual plot shows that there is uncertainty on where exactly these sharp contours
should be.

Modular NN with daily-albedo-o as an additional input shows that knowledge of surface albedo improves the spatial patterns
significantly (Fig. 4e). This suggests that the autoregressive element’s importance lies mainly in its role as a proxy for surface
albedowm%mm%ammmm
this configuration cannot be used when-m
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465

train-the-model-configuration—Albedofor predictive applications. The alternative model Multitarget NN, which uses albedo
as an auxiliary target instead to—guide-the-network-bylearning-albedo-alongside—su e-melt—does not lead to noteworth

improvement of melt predictions (Fig. 4h). Unfortunately, the predicted albedo fields are also over-smoothed (Fig. 4f, g), and

do-not-fead-to-noteworthy improvement-{with the residual map closely mirroring the spatial patterns of the melt residuals
(Fig. 4h).

Daily maps for additional days throughout the year are shown in Appendix E, with the maps for a day in June (Fig. E3
and August (Fig. E4) showing similar spatial structures as those for July in Fig. 4. These results reveal the fundamental
challenge: the simultaneous over- and underestimations arise from the model’s inability to accurately reconstruct the sharp
spatial structures of the surface state, which are present at the daily scale. Without explicit knowledge of surface albedo, the
model produces smoothed fields that systematically overestimate melt in some locations while at the same time underestimating

it in others, creating the characteristic spatial error pattern observed in the residuals.

Basin-wi laati
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Figure 4. Surface melt for 21st of July 20462016 with melt extent (ME) in km?, median and IQR of melt in mm w.e. per day. (a) true melt,
(b) and (c) predicted melt (left panels) and residuals (right panels) of Modular NN and Autoreg NN (in inference mode). (d) and (e) show

the predictions and residuals of Autoreg NN in teacher-forced mode, and of Modular NN with albedo as additional input; both these models
cannot be used to produce predictions from climate forcing only, as they use firn model outputs as inputs. (f) shows the true albedo, (g) the

albedo prediction and its residual, and (h) the melt prediction and its residual of the-multi-target-model-Atbedo-Multitarget NN.
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3.2 Evaluation of the systematic input selection stud

201+6-Since Modular NN, Autoreg NN, and Albede-Multitarget NN show very similar performance on the test set, we eontinte

470 the-evaluation-with-perform the systematic input selection study based on Modular NN as it is the least complex model among

these three. Table. 4 lists the performance of the Modular NN using different input subsets defined in Table 2 and section 2.2.1.
The metrics are given for the respectively best model from the tuning process (Appendix C: Table C1; Fig. C1b) on the test set.

Modular NN EBMT,; does not show any significant improvement on the test scores compared to Modular NN with the
475 default input set. However, Fig. 5 shows a better correspondence between true and predicted melt for the sparse high melt
values compared to Modular NN (Fig. 3¢). Especially the previously discussed melt overestimation due to the unusually high
sensible heat flux (Fig. DI) does not happen anymore when using the energy inputs summed up, proving the stabilizing effect

of using the energy terms summed up instead of separately.

Modular NN EBMT shows that including all atmospheric variables not just in the short-term module but their 10 year

480  averages also in the long-term module improves model performance from RMSE of 0.90 mm w.e. per day to 0.85 mm w.e. per day,
compared to using only snowfall and temperature as long-term conditions proxies. Removing 7 from the inputs (Modular NN
EBM) improves performance on the test set only slightly. Having rainfall as inputs improves model performance slightl
since the metrics worsened for Modular NN EBS. Snowfall on the other hand is a very critical input, as RMSE increases
by 0.37mm w.e. per day if the model is trained without snowfall (Modular NN EBR). While the relation between true
485 and predicted values for all subsets look very similar, Modular NN EBR shows increased amount of small deviations up
10 50 mm w.e. per day (wider spread of red band in Fig. Fle compared to a-d, f)._

Thus, best model is achieved with EB terms (with LW, LHF and SHF summed up, and SW? separate) and mass
terms (especially snowfall) on a daily resolution for the current and the past 9 days, and additionally as 10 year averages.
Furthermore, seasonal encoding is critical. Including air temperature T, which often serves as melt proxy, cannot improve

490 model performance any further. In contrast, including 7" increases model size by 11 additional input features, and it can impair
model interpretability since 7" is not a causal input to melt production, but a confounding variable for turbulent heat fluxes
and melt. Moreover, while 7' does impact the test scores only slightly, the generalizability to future climate projections could
be affected by including 7" as an input variable. Melt models based on 7’ as proxies often under- or overestimate melt under
a warming climate, as they do not consistently include melt-albedo feedback, changed cloud formation and thus change in

radiative inputs (Goelzer et al., 2013; Bolibar et al., 2022). While the a

always be evaluated separately, air temperature could rather be a confounding variable decreasing model performance and
transferability to different climates, than being a useful predictor.

495 licability of ML models to future projections must

3.2.1 Spatial-temporal residual distribution
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Table 4. Performance of final models on the test set for the default Modular NN and its variations using different input variable subsets
consisting of energy balance terms (EB), mass terms M (rainfall (R) and snowfall (.5)), temperature T, and seasonality encoding (with

noDQY indicating seasonality encoding was removed as input). RMSE, MAE, and MBE in mm w.e. : R? the standard coefficient of

determination, and R2 . is relative to anomalies from climatology.

EBMT, 090 017 000 097 085
EBMT 085 016 001 097 086
EBM 084 016 000 097 087
EBS_ 087 016 001 097 086
EBR 121 025 001 094 072
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Figure 5. 2D hexagonal binning plots of true versus predicted surface melt of the test set of Modular NN EBMT. The logarithmic color bar

is valid for bins containing up to 10° data points; bins containing more than 10° points are indicated in black for better visibility.

In the remainder of this section we investigate the performance of Modular NN EBM spatially and temporally. This analysis

500 includes predictions from both the test year 2016 to show the error patterns of a single independent year and the entire period

19902016 to investigate persistent systematic biases of our model.

Figure 6 shows the seasonally aggregated melt for the test set, starting from December 2015 to November 2016. The
overestimated melt extent and lower median of melt predictions compared to true melt in the daily maps for Modular NN
(Fig. 4, appendix E) is also visible in the seasonal aggregates of Modular NN EBM across all seasons. The south-west coast

22



505 which intensifies in summer (JJA, Fi

shows some underestimation in surface melt in spring (MAM, Fig. 6b)

the north and north-west coastal region shows overestimation in summer. However, Figure 7 shows that this melt overestimation
in JJA is a behavior more specific to the test year, rather than a characteristic of the model Modular NN EBM. The residual

lot for JJA averaged across 1990-2016 shows systematic underestimation of melt within the whole ablation zone, and some
overestimation at the transition between ablation and percolation zone especially in the north and north-west (compare GrlS

. 6¢). In contrast

3

510 zones Fig. B1). Together with the superior performance of Modular NN with « this indicated that the underestimation stems

from the lowered albedo for shallow snow depths and bare ice. The long-term variables using 10 year averages in combination

with the daily variables for in total 10 days are not enough to derive snow depth and thus decreased albedo due to bare ice

exposure. Including variables at a monthly or quarterly scale leading up to the prediction day might help in approximatin

snow depth and associated albedo.
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Figure 6. True melt alongside melt predictions and residuals of Modular EBM seasonally aggregated for the test set, but with December in
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Note that color scales are adjusted individually for each subplot.
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Figure 7. True melt alongside melt predictions and residuals of Modular EBM seasonally aggregated per year, and averaged across
1990-2016. Note that color scales are adjusted individually for each subplot.

515 In the remainder of this section we investigate the performance of Modular NN EBM at the basin level. To enable perfor-
mance comparison across the six basins, we present the average-mean annual melt and performance scores for each basin and

the whole ice sheet in Table 5. While-these scores-are-based-on-the-The melt amount and the scores are given for the test year

mmmmﬂm 1990-2016to-reveal-underlying patterns-instead-of

. Figure 8 shows basin-wise integrated

520  true and predicted melt for the test year onty-alongside their climatologies, together with daily over- and estimation throughout
the annual cycle for the test year (middle rows) and averaged over all years 19902016 (bottom rows).

and SW show the highest melt with respect to their basin area, and also the highest year-to-year fluctuations in melt amount

525 followed by basin N (Table 5). Correlation R? between true and predicted melt is high across all basins, with the northern

basin having slightly lower R? (0.95-0. -0.97) than the southern basins (6:97-6:980.98). The R2  computed on anomalies from

anom
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the climatology is highest for the southern basins SE and SW Y-andJower
for-the-other-basins-with-anR2-of approximately-0-80(0.93 and 0.92), with low standard deviation of 0.02. In contrast, the

northern basins N and NE show R2  of 0.78 and 0.75 respectively, paired with higher standard deviations of 0.07 and 0.11
respectively. This indicates that the emulator captures variability with respect to the climatology particularly well in the SE-and

SW-SW and SE basins, which have stronger --higher-signal-anomalies that the model can learn, while the other basins show
lower anomaly skill.

RMSEIn accordance with that, the RMSE mean and standard deviations are highest for basins N and NE foHowed by-basin
SE-As-compared to the other basins. Also, as with the whole ice sheet, MAE is significantly lower than RMSE for all basins,
indicating that a few large residuals persist across all regions. The MAE-to-RMSE ratio indicates that basin-NE-is-basins NE
and NW are affected most by a small number of high residuals, while basin-SE-is-less-basins SW and SE are the least dominated

by such outliers, and more by small and medium errors.
Basin SE is the only one with a positive bias on average (0.01), while the other basins show zero or slightly negative MBE
of -0.02 at most on average across the years. However, the respective standard deviations across the years are bigger than the
absolute means of the biases, i.¢. no basin has a systematic bias across the years. Basins N and SW show the largest fluctuations
in bias with a std of 0.05, while they also show high average melt together with high melt variability relative to mean melt
amount (27%), and thus these basins are particularly variable and hard to learn.
Figure 8 shows that not only is there no systematic bias across the years, but also that over- and underestimating melt is

largely synchronous, thus there are also no pronounced systematic temporal biases. However, basins N and NE-are-worstin
both-absolute-and-normalized RMSEJn—<eontrastNW show a tendency toward early-season underestimation and late-season

overestimation, while basin

basin-SWNE shows a dominance of underestimation throughout the entire year.

2016 is a relatively high melt year for each basin, but within one standard deviation from the respective means. Basins N
and NW show anomalous positive MBE of 0.06 and 0.05 respectively, while basin SW_shows strong negative bias of -0.06,
such that the biases cancel each other out across the whole GrlS. Figure 8 shows enhanced melt at peak melt season for basins
N and NE, causing more melt overestimation than normal, and higher RZ,,,. Basin NW also shows high melt at peak season,
but then a sudden decrease end of July, and thus the melt amount deviates significantly from the climatology which leads to a
RZom 1.5 std lower than for the average year. Also SW and to a lesser extent CE and SE have lower R, than the average
year as they show a lot of temporal fluctuation in the melt (top panels in Figure 8 SW and SE), also starting with some early
melt, For SW and SE the RMSE and MAE are also more than a std above the average.

These deviations in 2016 highlight the model’s challenges in capturing anomalous melt patterns that deviate substantially
from the climatological mean, particularly in basins with pronounced seasonal deviations such as NW’s abrupt late-summer

decline and early melt onset in basins SW and SE. However, while individual basin biases in 2016 are notable (positive for
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N and NW, negative for SW), these deviations appear to be year-specific rather than systematic. Averaging across the entire

1990-2016 period reveals that the model exhibits no persistent systematic biases, with year-to-year fluctuations in error patterns

largely balanced over time. Although based on the performance including the training set, this temporal stability suggests that

the emulator’s performance is robust across the multi-decadal timescale.

Table 5. Performance of Modular NN EBM for predicting surface melt per basin and fer-over the whole-Greenland—ice-sheet<(entire
GrIS y-everfor the whele-test year 2016, together with meanztstd across the full period 1990-2016. AvefagemwlrnezirlNannual meltin

mar-w.e—per-year;;, RMSE, MAE, and MBE in mm w.e. per day;

mean melt RMSE MAE MBE R?  RZ,,, NRMSE(%)NMAEA(%)
N 122409 +6030.92 048017 -0:040.06 0:950.97 0:79-0.81
084350 £95)  045(1.02£0.15)  (0.17£004) (£0.01£0.05)  (0.9540.02) 0.78£0.07)
NE 137300 0:850.73 043012 -0:04--0.00 0:950.97 0:82-0.84
0:62235£59)  0:090.83£0.15)  (0.12£003)  (£0.02:£0.04)  (0.9540.02) 0.75£0.11)
CENW 139310 0:78-0.81 0:44-0.13 0:64-0.05_ 0:95-0.96 0:79-0.82
056284 £84)  046(0.72£0.12)  (0.11£003)  (£0.01:£0.03)  (0.97£0.01) 0.88£0.04)
SECE_ 160312 0:840.73 0:20:0.13 -0.01 0:98-0.96 0:90-0.83
053273 £60)  64210.72£0.09)  (0.12£0.02)  (£0.00:£0.03)  (0.96 £0.01) 0.85£0.04)
SW 186525 0:860-0.96 046-0.21 -0:02-0.06_ 6.98-0.97 0:87-0.89
0:43-(442£122)  6090.78£0.13)  (0.15£0.03) (£0.00£0.05  (0.98%£0.01) 0.92£0.02)
NW-SE 146608 0:720.88 040,20 -0:04-0.02 0.97 0:86-0.92
0:49-(048 £ 111 6:08(0.76£0.08)  (0.17£0.02) (0.01£0.02)  (0.98£0.01) 0.93£0.02)
GrlS 159403 0:83-0.84 045016 -0:64--0.00 0.97 0:850.87
0:53(345£78)  0:090.81£0.09) (0.14£0.02) (£0.001£0.03)  (0.97£0.01) 0.87£0.03)
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Figure 8. Temporal distribution of over- and underestimations of Modular NN EBM per basin. The respective upper subplots show the
basin-wise total true and predicted surface melt for the test year together with the true and predicted melt climatologies (1990-2013). The
middle subplots show the total amount of overestimated (red) and underestimated (blue) melt per basins for the test year. The lower subplots

show the average annual everestimate-gverestimated and underestimated melt for the whole time period 1990-2016.
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4 Conclusions

We have developed a machine learning emulator that successfully predicts daily surface melt on the Greenland ice sheet

580 from atmospheric variables alone. By training a neural network on 24 years of output from the polar regional climate model
HIRHAMS and its firn model DMIHH, we demonstrate that surface melt can be accurately emulated with a mean absolute error
of 6:480.16 mm w.e. per day (Table 4), significantly outperforming climatological benchmarks. Basin-level evaluation demon-
strates that our location-agnostic approach generalizes well across the diverse climatic regimes of Greenland. The emulator
maintains high correlation (R2-=-0-95-0-98)-across all six major basins with minimal systematic bias (Table 5).

585 Our iterative model development reveals several key insights about the role of temporal information. Including atmospheric
conditions from the previous nine days substantially improves performance over using only current-day conditions, demon-
strating that temporal-contextshort-term history matters. Furthermore, long-term climate memory in the form of decadal av-
erages of temperature and snowfall improve model performance by providing crucial information about location-specific firn

characteristics that affect the surface energy balance. Thus, the model profits from short- and long-term memory from these

590  past conditions. Beyond the climate forcings that directly impact SEB, i.e.. turbulent heat fluxes and radiation, also snowfall
and seasonality encoding are crucial input parameters. Rainfall does improve model performance but only slightly, while air
temperature does not contribute to any additional performance increase, and should therefore be excluded from emulation
approaches particularly when the model is combined with explainability algorithms, where redundant variables can obscure

interpretability (Molnar et al., 2022; Jiang et al., 2024).
595 Hewever-The predicted melt fields tend to be spatially over-smoothed compared to the firn model output, lacking sharp

transitions between regions of different melt extent -

are a consequence of the albedo scheme using lower albedo for bare ice and small snow depths. Neither an autoregressive
approach (Autoreg NN)

600
an auxiliary target als
mﬁw@%@%&mmwwmmmm spatial gradients fﬁ%@@[ﬁl@&ﬁg&
different surface conditions remains a fundamental challenge for data-driven approaches using atmospheric input data only.

Future-work-ineludes-extending-Future work should explore whether incorporating more versatile historical information,

605  such as accumulation and energy input from preceding months, can help differentiate high versus low snow regimes. The neural
network architecture could be extended with a module operating on monthly timescales, or more sophisticated approaches for
timeseries modeling, such as LSTMs (Hochreiter and Schmidhuber, 1997) or transformer-based architectures (Vaswani et al., 2017)

could be investigated.
Additionally, the domain of applicability —this-medel-must be determined and extended. The emulator is developed on

610 HIRHAMS reanalysis data and trained to emulate DMIHH firn model behavior. Fe-appty-Extrapolation beyond the trainin
distribution yields unreliable results in data-driven approaches, and it is unclear to what extent different simulations deviate in

29



their data distribution and how sensitive the emulator is to these changes. Applying the emulator to climate data under different
forcings, from different time periods, or from entirely different polar RCMs ; ingis Ssary;st i

sthus likely requires retraining. Furthermore, in
615 the future the emulator can be extended to predict additional firn model outputs, such as runoff, to-ereate—creating a more

comprehensive tool for Greenland SMB estimation.

In conclusion, this work demonstrates that machine learning can successfully emulate firn model behavior with spatially
and temporally consistent accuracy and computational efficiency, while also revealing fundamental challenges in capturing
sharp spatial patterns driven by surface characteristics. This emulator, when coupled with downscaling emulators that bridge

620 the gap between global climate models and regional applications, enables the large ensemble projections needed to quantify
uncertainty both within individual RCMs and across the divergent projections from different polar RCMs. Furthermore, such
a firn emulator can be used as a surrogate model for SMB processes in Earth system models, enabling interactive ice sheet-

climate coupling at scales previously computationally infeasible.
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Code and data availability. Code is available at the GitHub repository https://github.com/eschlager/MeltEmulation/tree/revision under the
625 MIT License (the repository will be archived at Zenodo upon acceptance). The data produced in this study is available at https://doi.org/10.5
281/zenodo.19627367 (Schlager, 2026). The HIRHAMS simulation data is freely available upon request (Langen et al., 2017).

Appendix A: Characteristics of train, validation, and test years

Table Al shows aggregated melt characteristics per year compared to the climatology over 1990-2013. The total melt of the

validation year (650 Gt) and the test year (726 Gt) lie well within the historical range of the training climatology (294-1059 Gt)
630 and are comparable to several years in the record (e.g., 1995, 2002, 2011, and 1998, 2003, 2005, 2007, 2008 respectively)

deviating from the climatological mean by less than 0.75 standard deviations. The MBE exhibits a clear shift from predominantl

melt for 2014 and 2016 align well with other years in the dataset, suggesting these are climatologically typical years rather than
anomalous ones. This assessment is supported by the Arctic reports Jeffries et al. (2014); Richter-Menge et al. (2016), which
635 document that 2014 and 2016 reflect the increasing melting trend without reaching the extremes of previous record years.
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Table Al. Total melt (in Gt per year); RMSE, MAE and MBE (in mm w.e. per day) relative to the climatology over 1990-2013, and the

coefficient of determination between the specific year and the climatology (R

1990

1991

1993 S0 193, 048, 007
1994
1995

193 078
626 250 058 002 07l

I~

2000 S48 246 057 010 068
2001 502 205 050 017 073
2004 596 205 051 003 077
2006 592 249 059 004 068
2007 740 243 058 019 076
2008 723 255 059 016 075
2009 S 202 053 007 076
2010 797 263, 06l 028 074
2011 672 216 051 009 079
2012 1059 361 093 068 065
2013 510 194 049 016 077
2014 (val 650 222 053 005 077
2015 (gap) 611 228 057 -001 073
2016 (test 726 230 056 017 078
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Appendix B: Spatial Sub-sampling

The spatial sub-sampling of 5000 grid-cells is performed according to predefined zone specific probabilities. The probabilities
are chosen to be of 65% for the ablation zone, 30% for the percolation zone, and 5% for the dry-snow zone. Here, the zones are
defined based on the SMB from the 10 year time range 1990-1999, with the ablation zone having negative SMB, the dry-snow
640 zone showing melt below 100 mm w.e. per year for each year, and the percolation zone covering the remaining grid cells of
positive SMB but non-negligible melt (Fig. B1). Alternative sampling strategies were not formally evaluated, as the chosen
main source of predictive error is related to unknown surface conditions, especially albedo, rather than the quantity of training
data. This suggests that increasing the amount of training data would not necessarily reduce prediction errors, and that effective

Figure B1. Ablation (blue), percolation (brown), and dry-snow (green) zone used for spatial sub-sampling.
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Appendix C: Network tuning

Hyperparameters in ML algorithms are settings that control the algorithm’s behavior, but are not adapted by the learning algo-
rithm itself. This includes the choices of the architecture itself, its capacity, the activation function, regularization techniques,
initialization, optimization algorithms and their specific setting, and more. Since it is unfeasible to tune all these hyperparam-
eters, well-informed choices must be made to prioritize the most impactful parameters. The Modular NN architecture was
defined based on physical principles, and we explore different architectural configurations to identify the most suitable design.
The network capacity (number of layers and neurons per layer) was chosen to be sufficiently large, as evidenced by overfitting
observed during training. To prevent using an overfitted model, we select the model weights that yield the lowest validation
loss, which effectively corresponds to regularization via early stopping. The batch size is fixed at the maximum value per-
mitted by available computing resources. Given these design choices, we primarily focus on tuning the learning rate for each
configuration, as it is the most critical factor for training convergence and optimization performance (Goodfellow et al., 2016).

Table 22-C1 presents the overview of the NN configurations, the tuned hyperparameter ranges, alongside RMSE, MAE,
and MBE of the validation set of the best performing model for each configuration across all tuning trials. We define the
best performing model by the sum of the relative MAE and MBE w.r.t. the seasonal anomaly errors. Fig. Cla shows the
performance of all the trials, with the more complex models having consistently better performance than the less complex
models. The results of Albedo-Multitarget NN are not plotted, since they strongly coincide with the performance of Modular
NN.

For each of the five configurations, we tuned the learning rate. For Modular NN, we additionally tuned the number N of
preceding days used as input, to determine the optimal number of input days, which was then fixed when tuning the subse-
quent configurations. As Albede-Multitarget NN has a composite loss function consisting of both melt and albedo terms, the
weighting between those two components is crucial. Therefore, while tuning the learning rate we simultaneously varied the
weighting factors of melt MSE and albedo MSE for calculating the total loss, testing the following melt:albedo weight—ratios:
1:1, 7:3, 9:1, and 3:7. Further, we took a second attempt using trainable weights as proposed in Cipolla et al. (2018).

We trained the configurations one after another, to-learn—from-the-resultsfor-using insights from each result to guide the
development of the next configuration. While performance generally improves with more preceding days, gains become
marginal beyond 8 days, with 9 days achieving the best score. Therefore, the subsequently trained configurations Short-term
NN, Autoreg NN, and Albedo-Multitarget NN use 10 input days (i.e., N = 9 preceding days), with the learning rate being tuned
for 33 trials. We also narrowed the range of possible learning rate values when progressing through the different configurations
as we gained insight in-into which ranges make sense.

When training the autoregressive NN under teacher-forced mode, we use the true melt with random noise, i.e., M-#—H—+=
SM(t—1)+¢e with e € N(0,0.1) to get more robustness and not rely too much on the previous melt input. The results of
Autoreg NN (teacher) show that the model benefits significantly from knowing the previous day’s surface melt. However,
this advantage diminishes when the model is evaluated in inference mode, i.e., when using the previous prediction instead of

the true melt. We alternatively tested different strategies of training autoregressively with using the previous predicted melt
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Table C1. Network Tuning: Overview of the five network configurations with their-use-of-the-separate-modules:-the tuning parameter ranges,

and their validation scores in mm w.e. per day. The performance of Autoreg NN is stated in teacher-forced and in inference mode.

Optuna study RMSE MAE MBE

Climatology 222 0.53  -5.29¢-2
Regression NN 10 trials: Ir € (1074,1071) 148 034 527e-2
Modular NN 50 trials: I € (107,107 1), 086 0.16  0.15e-2

nr days Ne [1,10]

Short-term NN 33 trials: Ir € (1073,1071) 113 022 -0.08e-2
Autoreg NN (teacher) 33 trials: Ir € (1073,1071) 034 006 -0.06e-2
inference 0.86 0.14 0.0le-2
Adbedo-Multitarget NN 33+33 trials: Ir € (107%,1072), 084 015 0.lle2

loss weights (manual+trainable)

Mét—l—}%lﬂ)»during training, using different ratios of teacher-forced versus true melt, and different lengths of rollout
windows. Although RMSE slightly improved, MAE and MBE did not decrease, and the same error patterns observed for the
modular NN (which are discussed in the qualitative assessment in section 3.1.2) remained. Furthermore, the autoregressive
training requires much higher computing resources, since a prediction for a specific day requires to make the prediction for the

previous day(s), which also required a decreased batch size during training.

As baseline for information gain from the variable albedo, we retrain Modular NN including albedo in the set of daily input

variables. This leads to a RMSE of 0.22, MAE of 0.05, and MBE of 0.25e-2 mm w.e. per day on the validation set.

underline-the-impertance-of- Modular NN is then trained using different variable subsets as inputs as defined in Table 2. Each
of the variations have been trained 33 times with optimizing the learning rate within the range (1073,1071).
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Table C1. Performance—Input selection study: Overview of medutar—Modular NN per—basin—for—test—year—20+6—Average—melt—in
mm-w-e—per-years RMSE-MAFEusing different input variable subsets, and-MBE-with the validation scores in mm w.e. per day; NRMSE
and-NMAFE-as-percentage-of the-annual-total.

RMSE MAE  MBE RZRZ - NRMSE-(%) NMAE (%)

N-43-0.97-0-18-6:06-0.96 Climatology 0792.22 068053 0-43-5.29¢-2
NE-174-0.77-0-43-0:04-0.97 heightModular NN 6:820.86  6:440.16 0-08-0.15¢-2.
€E+5%-height EBMT,_ 0:820.83 0.15 -0:64-6:95-0.06e-2
meanmett  EBMT 0790.81 052014 0-16--0.10e-2.
SE776.97 EBM 0230.80 -0:03-0.14 6:97-0.09¢-2.

EBS_ 696081 055014 0:43-0.00e-2

SW-22+ EBR +02-1.12 0.22 SOHG9T.8T-0.46-0.10-0, 192
NW-159-0:83-0-14-6.04-6:96-  EBMop0y_ 0:800.89  6:520.16 6:69-0.05e-2

the performance scores of the
700 a-single-yearbest performing model across all trials (in terms of the sum of the relative MAE and w.r.t. the seasonal

anomaly) are listed in Table C1. Fig. C1b shows the performance of all the trials.
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Figure C1. MAE and MBE on the validation set of the tuned models. The best performing model for each configuration is indicated by the

black outlined shapes. (a) Models from the network configuration study: The seasonal signal (black circle) is the melt climatology over the

ears 1990-2013, smoothed with a 15 days window. The tuned networks Regression NN, Modular NN, Short-term NN, and Autoreg NN (in

licable model, since it relies on the

inference mode) are indicated by circles; Autreg NN in teacher-forced mode cannot be interpreted as a

true melt and can only be used in its inference state, and is indicated with diamond symbol. Modular NN is indicated with the ’plus’ symbols,
and shows the results for the input ablation study. The vertical gray dotted lines indicate the MAE range in panel (b). (b) Models from the
input selection study: The Modular NN from the network configuration study is again depicted in orange color.
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Appendix D: Assessment of predicted outliers
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Figure D1. True melt, and predicted melt by Modular NN with associated residual for three consecutive days in April 2016, with (b) causin
the positive residual outliers shown in Fig.

residual of that day, respectively.
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Appendix E: Daily Maps
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Appendix F: 2D hexagonal binning plots of Modular NN input selection stud
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Figure F1. 2D hexagonal binning plots of true versus predicted surface melt of the test set of Modular NN using different input subsets. The
logarithmic color bar is valid for bins containing up to 10° data points; bins containing more than 10° points are indicated in black for better
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