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Abstract Dynamic Global Vegetation Models (DGVMs) with embedded tree demography and flexible plant
traits simulate dynamics across tens of thousands of land grid cells, each containing tens of thousands of
individual trees, making global simulations computationally expensive. Aggregating cells into climatically
coherent clusters and running a single simulation per cluster reduce this cost by orders of magnitude, but
cluster quality critically depends on an ecologically meaningful distance metric between cells. We present
a framework in which spatially adaptive distance metrics are derived from Köppen–Geiger climate-zone
labels via Large Margin Nearest Neighbour (LMNN) metric learning and used for hierarchical cluster-
ing. A multilayer perceptron predicts cell-specific positive semi-definite metric matrices, allowing feature
weighting to adapt continuously across ecological regimes. We compare a learned metric that captures
cross-feature interactions against a simpler variant without interaction terms and the uniform Euclidean
metric. Experiments on 67,420 global land cells with 51 climate and soil features, testing cluster counts
across five orders of magnitude, show that both learned metrics substantially improve agreement with
Köppen–Geiger climate-zone boundaries compared to the Euclidean uniform metric. This improved eco-
logical alignment translates into more accurate biomass reconstruction well beyond the training signal:
the learned metrics outperform the Euclidean baseline across cluster counts spanning more than an order
of magnitude above the 30-zone signal before all three metrics converge. For cluster counts ≥ 2132, the
Euclidean metric performs better, showing that at this scale, different features down-weighted by the metric
learning—such as soil properties—become more important. The variant without interaction terms achieves
biomass reconstruction accuracy equal to the interaction-based metric with directly interpretable feature
weights. Evaluated with the individual-based DGVM LPJmL-FIT, more than 80% of cell–year pairs stay
within the model-inherent stochastic noise floor already at an energy consumption of only 0.1% of the
full-grid cost.

a e-mail: jamir.priesner@pik-potsdam.de (corresponding author)
b e-mail: davidho@pik-potsdam.de
c e-mail: christof.schoetz@tum.de
d e-mail: britta.tietjen@fu-berlin.de
e e-mail: gelbrecht@pik-potsdam.de
f e-mail: billing@pik-potsdam.de
g e-mail: stenzel@pik-potsdam.de
h e-mail: kirsten.thonicke@pik-potsdam.de

0123456789().: V,-vol 123

http://crossmark.crossref.org/dialog/?doi=10.1140/epjs/s11734-026-02526-1&domain=pdf
http://orcid.org/0009-0006-0634-2548
mailto:jamir.priesner@pik-potsdam.de
mailto:davidho@pik-potsdam.de
mailto:christof.schoetz@tum.de
mailto:britta.tietjen@fu-berlin.de
mailto:gelbrecht@pik-potsdam.de
mailto:billing@pik-potsdam.de
mailto:stenzel@pik-potsdam.de
mailto:kirsten.thonicke@pik-potsdam.de


Eur. Phys. J. Spec. Top.

Abbreviations

Acronym Definition
ARI Adjusted Rand Index
CPU Central processing unit
CV Coefficient of variation
DGVM Dynamic global vegetation model
ESM Earth system model
GPU Graphics processing unit
HPC High performance computer
ISIMIP3a Inter-sectoral impact model intercomparison project reanalysis phase 3
KG Köppen–Geiger
LMNN Large margin nearest neighbour
LW Longwave (radiation)
MLP Multilayer perceptron
MPI Message passing interface
NMI Normalised mutual information
PC Principal component
PCA Principal component analysis
PFT Plant functional type
PSD Positive semi-definite
ReLU Rectified linear unit
SPEI Standardised precipitation-evapotranspiration index
SW Shortwave (radiation)
TPE Tree-structured Parzen estimator
VegC Vegetation carbon

Mathematical symbols

n Number of land grid cells (= 67 420)
d Number of input features (= 51)
K Number of clusters
r Maximum rank of the Low-rank metric/number of columns of Li (= 8)
X Standardised feature matrix, Rn×d

xi Feature vector of cell i , ∈ R
d

Mi Cell-specific positive semi-definite metric matrix
Li Low-rank factor matrix, ∈ R

d×r; Mi = LiL�
i

wi Per-feature weight vector (Diagonal variant), ∈ R
d
≥0

Id d × d identity matrix
Dmaha Symmetrised local Mahalanobis distance (Low-rank)
Dmaha Full n × n pairwise distance matrix, [Dmaha]ij = Dmaha(xi, xj)
Ddiag Symmetrised diagonal-weighted distance (diagonal)
α Margin trade-off weight in the LMNN loss
Δ Margin in the hinge loss term
Δbase Base margin before dimension scaling
d0 Reference feature dimension for margin scaling (= 27)
λreg Regularisation weight (Low-rank variant)
Ti Set of target (same-zone) neighbours of cell i
Ii Set of impostor (different-zone) cells for cell i
ki Number of target neighbours of cell i
λ
(i)
k kth eigenvalue of Mi

v(i)
k kth eigenvector of Mi

p
(i)
j Weight profile: fraction of metric sensitivity on feature j at cell i

Hi Metric isotropy (normalised Shannon entropy of the eigenvalue spectrum)
F Cluster fraction, F = K/n
E Energy saving factor, E = n/K = 1/F
δ Accuracy threshold (95th percentile of inter-seed baseline error)
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Pacc Accuracy probability: fraction of cell×year pairs within δ
Q Rao’s quadratic entropy (functional diversity)
S̄ Mean silhouette score (Appendix G only)
s̄ Mean geographic spread, in degrees (Appendix I)
v̄ Mean within-cluster feature variance
d
(m,K)
i Local cluster diversity of method m at cluster count K in the 5×5 window around cell i

bKG
i KG-boundary proximity: local cluster diversity of the 30-class KG partition in the window

around cell i
bBM
i Local biomass-gradient magnitude (window std of baseline biomass, normalised by its global

std)
BARKG(m, K) Boundary Allocation Ratio at KG boundaries: ratio of mean di in bKG-top quartile to mean di

in bottom quartile (Eq. 8)
BARBM(m, K) Boundary Allocation Ratio at biomass gradients (analogous to BARKG using bBM; Appendix J)
ΔBAR Misallocation gap, BARKG − BARBM

η Learning rate (AdamW optimiser)
p Dropout probability
h Hidden-layer width factor
φ, ψ, θ Trainable MLP parameters (Low-rank, Diagonal variants)
‖·‖F Frobenius norm

1 Introduction

Dynamic Global Vegetation Models (DGVMs) were developed to study how vegetation dynamics affect biogeo-
chemical and hydrological cycles, and to quantify the past, present, and future functioning of the terrestrial carbon
sink [1–3]. A persistent challenge in DGVM development has been the demand for greater ecological realism, par-
ticularly with respect to biodiversity [4, 5]. First-generation DGVMs represent vegetation through a small set of
plant functional types (PFTs), each characterised by a single average individual with fixed trait values, group-
ing functionally diverse species into a few biome-wide classes [1, 6]. This simplification fundamentally limits the
ability of models to capture trait variation within biomes, community assembly, and the functional diversity that
underpins ecosystem resilience and carbon cycling [1, 6–9].

Two broad approaches have emerged to overcome this limitation. The first is the introduction of explicit tree
demography into DGVMs, where individual trees or cohorts are tracked through time, allowing forest structure and
species composition to emerge from competitive dynamics and environmental filtering. This line of development
produced models, such as LPJ-GUESS [10, 11], ED2 [12, 13], FATES [14], FORMIND [15], and TROLL [16],
and was advocated for the next generation of ESM land components [17]. The second approach combines tree
demography with the plant economics spectrum, allowing individual plants to express a continuous range of
trait combinations rather than belonging to discrete PFT classes. Models following this approach—including
LPJmL-FIT [4], aDGVM2 [6], and LPJ-GUESS-NTD [18]—can represent the within-biome trait diversity that
underpins ecosystem functioning. Both approaches, and especially their combination, come with a substantial
increase in computational cost: to capture stochastic gap dynamics and sufficient demographic and functional
diversity, up to 2500 independent forest patches must be simulated per cell according to Thonicke et al. [5].
Applied to tens of thousands of grid cells worldwide for simulation periods spanning decades to centuries—or
millennia when equilibrium runs are required [9, 19]. This makes global simulations with biodiversity-enhanced
DGVMs computationally expensive [17, 20], entailing the need for HPC infrastructure to conduct them—which
comes with substantial energy and financial costs [21–23]. These costs act as a barrier to participation, effectively
limiting global vegetation modelling to researchers with access to adequate computing resources and funding
[24]. Moreover, the energy demand also carries an environmental footprint that, depending on the energy source,
may contribute to climate change [22, 23, 25]. These demands are further compounded by the trend towards
higher spatial resolution in DGVMs [21, 26], and by the need to run large ensembles across multiple climate
scenarios to adequately sample model uncertainty and internal climate variability [26, 27]—a requirement made
particularly acute by vegetation’s complex and nonlinear response to climate, whereby small shifts in temperature
or precipitation can trigger disproportionate changes in ecosystem state [28, 29].

One way to mitigate this computational bottleneck is to exploit the spatial redundancy inherent in global
simulations. At the standard 0.5◦ × 0.5◦ grid commonly used in DGVMs, the 67,420 land cells include many
groups with similar climate and soil conditions, yet each is simulated independently at full cost [2, 3, 30]. If cells
with sufficiently similar environments were grouped into clusters and only representative cells simulated per cluster,
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the computational cost would scale with the number of clusters K rather than the number of cells n, potentially
reducing it by orders of magnitude while incurring only modest errors in the reconstructed output fields.

Several studies have demonstrated the value of partitioning grid cells into clusters to reduce redundant compu-
tation in spatially distributed models. Dietrich et al. [31] showed that clustering substantially reduces information
loss in the global land-use model MAgPIE while preserving model accuracy, and Shivakumar et al. [32] applied
a similar aggregation principle to water–energy–food nexus modelling. In hydrology, Ehret et al. [33] introduced
adaptive clustering of model elements based on their dynamic similarity during runtime, achieving 75% reductions
in computation time. Chaney et al. [34] demonstrated that hierarchical clustering of high-resolution environmental
covariates into representative tiles can reproduce macroscale water, energy, and carbon cycle responses at a fraction
of the computational cost of fully distributed land surface model runs. For vegetation modelling specifically, Renne
et al. [35] developed a k -means-based site selection algorithm that assigns simulation outputs from a limited set of
representative sites to environmentally analogous locations, demonstrated using an individual-based plant model
across North American drylands.

Grouping grid cells into clusters requires a metric that quantifies the similarity between them. The approaches
mentioned above have in common that they define similarity between grid cells using a globally uniform distance
metric with equal or heuristically chosen feature weights (e.g. climate variables), treating the relative importance
of each feature as spatially invariant. This assumption is ecologically implausible at the global scale: the features
that best discriminate between ecologically distinct cells differ fundamentally across climate zones—for example,
moisture limitations dominate in the subtropics, whereas temperature gradients are decisive at high latitudes
[36–38]. A uniform metric may therefore group ecologically dissimilar cells into the same cluster or separate
ecologically similar cells, systematically degrading the accuracy of reconstructed model outputs in regions where
the most discriminating features are underweighted.

We address this limitation by introducing a locally adaptive, learned distance metric whose feature weights vary
spatially according to regional ecological relevance. The approach requires two properties of the distance metric:
(i) it should weight climate and soil features according to their local discriminative power, varying continuously
across the globe, and (ii) it should be learned from generally available observation-based data without requiring
prior DGVM simulations, so that the method is directly applicable to any model with spatially independent cells.

To this end, we extend Large Margin Nearest Neighbour (LMNN) metric learning [39]. While LMNN learns a
single global Mahalanobis distance metric, we learn a locally adaptive metric by having a multilayer perceptron
(MLP) predict a cell-specific metric matrix from the local climate and soil features. Because learning a full metric
matrix for each cell would be computationally expensive and prone to overfitting, we adopt a Low-rank represen-
tation. Additionally, we evaluate a Diagonal variant that further reduces the number of learned parameters and
improves interpretability of the learned feature weights.

For both methods, we use the Köppen–Geiger (KG) classification as the supervision signal: its globally consistent
zone boundaries encode well-established relationships between climate and vegetation, making it a natural choice
for guiding metric learning at the global scale [40–42]. Both learned metrics are benchmarked against a uniform
Euclidean metric that treats all features as equally important.

A central empirical question addressed in this work is therefore at which cluster-count scales a metric trained
on a fixed, relatively coarse supervision signal (here: 30 KG zones) yields better clusters than a uniform Euclidean
metric.

We combine the learned distance metrics with hierarchical agglomerative clustering [43, 44], which produces a
single dendrogram from which clusterings at any resolution can be extracted without retraining.

Using the individual-based DGVM LPJmL-FIT [4, 9] as a case study, we compare the three distance metrics
across cluster counts spanning five orders of magnitude in computational cost reduction, evaluating both the
structural quality of the clustering against KG climate zones and the accuracy of reconstructed biomass and
functional diversity fields. We find that both learned metrics substantially outperform Euclidean clustering at low
cluster numbers K , with the simpler Diagonal variant matching the Low-rank metric in reconstruction accuracy,
while Euclidean clustering performs better at higher K .

2 Methods

The goal is to cluster the 67,420 land cells of the global 0.5◦ grid used in LPJmL-FIT for this study into K � n
groups of ecologically similar cells, so that simulating only one representative cell per cluster reproduces the
full-grid DGVM output, including plant traits, with acceptable accuracy. The key methodological challenge is
to define a distance metric between cells that reflects locally varying ecological relevance of the input features,
rather than treating all features equally everywhere. The aim is to identify clusters that are as large as possible
for computational efficiency while remaining ecologically homogeneous enough that a single representative cell can
stand in for all cluster members with acceptable loss of accuracy. This requires (i) a source of ecological information
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that encodes which features matter where, and (ii) a learning algorithm that translates this information into
spatially adaptive feature weights.

For (i), we use the Köppen–Geiger climate classification (Sect. 2.2), whose zone boundaries encode well-
established relationships between climate and vegetation distribution and thus provide a supervision signal that
captures regionally varying ecological relevance. The framework is not tied to KG, however; any ecologically mean-
ingful partition can serve as supervision (e.g., biome maps or ecoregion delineations). For (ii), we extend Large
Margin Nearest Neighbour (LMNN) metric learning (Sect. 2.3), so that a multilayer perceptron (MLP) takes the
climate and soil feature vector of each cell as input and predicts a cell-specific positive semi-definite (PSD) met-
ric matrix Mi that concentrates distance sensitivity onto the features most discriminative for the local KG zone
boundaries. The most general formulation would learn a full-rank d×d matrix per cell (O(d2) parameters), but this
is computationally expensive and prone to overfitting. We therefore adopt a Low-rank variant of maximum rank
r � d, in which Mi = LiL�

i captures cross-feature interactions at a substantially reduced parameter count. As a
further simplification, we evaluate a Diagonal variant in which Mi is a diagonal matrix whose entries weight each
feature independently, without modelling cross-feature interactions. Both learned variants are compared against
a uniform Euclidean baseline (Mi = Id for all cells). The resulting pairwise distance matrix is then used for
hierarchical agglomerative clustering (Sect. 2.6), and the clustering quality is evaluated by reconstructing DGVM
output fields from representative cells and comparing them against a full-grid baseline simulation (Sect. 2.7). The
input feature matrix X ∈ R

n×d (n = 67 420 valid land cells, d = 51 features) is prepared as described in Sect. 2.1;
full details of feature computation, standardisation, and filtering are provided in the Supplementary Material
(Sections S1–S3).

2.1 Data and features

As inputs we use global gridded climate data from the Inter-Sectoral Impact Model Intercomparison Project
reanalysis phase 3 (ISIMIP3a) [45] at 0.5◦ longitude–latitude resolution—precipitation, near-surface air temper-
ature, shortwave and longwave radiation, and relative humidity—together with soil depth [46] and a categorical
soil-texture classification [47]. Only land cells with valid soil data were retained (n = 67 420). Details of coordinate
canonicalisation, regridding, and valid-cell masking are given in the Supplementary Material (Section S1).

From these inputs, 69 ecological features were initially derived per cell, including climatic summary statistics,
monthly climatological profiles, Köppen–Geiger diagnostic scalars, drought indices (SPEI at three accumulation
timescales), and soil indicators (full definitions in Supplementary Material Section S2). We retained this broader
feature set, rather than only KG-diagnostic variables, because the downstream clustering is evaluated over a wide
range of cluster counts and against DGVM outputs that are not limited to the 30 KG classes. This choice reflects
a balance between the supervision signal and the intended use of the learned metric: training on 30 KG zones
will primarily favour features that help separate those zones, while the additional hydroclimatic and soil features
preserve information that may become relevant for ecologically meaningful distinctions within and across KG zones
at higher K . Redundancy was reduced through correlation filtering (removing highly correlated pairs at |ρ|> 0.95;
Supplementary Material Section S3.2) and block PCA compression of monthly temperature and precipitation
profiles (retaining 99 % of within-block variance; Supplementary Material Section S3.3), yielding d = 51 features
in ten groups (Table 1). All features were z-score standardised [48] (Supplementary Material Section S3.1).

Table 1 Summary of input
feature groups (d = 51 after
filtering). “Protected”
denotes feature groups that
were exempt from
correlation filtering and
PCA compression

Feature group Features n Protected

Temperature summaries Mean, seasonality 2 No

Temperature monthly PCs PC1, PC2 (99% var.) 2 Yes

Precipitation summaries Mean, max, coeff. of variation,
wet-day freq.

4 No

Precipitation monthly PCs PC1...PC7 (99% var.) 7 Yes

KG-diagnostic scalars Threshold-derived scalars 8 Yes

Radiation (SW & LW) Mean, std, amplitude (×2) 6 No

Humidity Mean, std, minimum 3 No

SPEI drought indices Mean & std at τ=3, 6, 12 months 6 No

Soil depth Continuous 1 Yes

Soil texture One-hot encoded (12 classes) 12 Yes

51
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2.2 Köppen–Geiger supervision labels

Each grid cell was assigned a Köppen–Geiger climate zone from its monthly climatological temperature and
precipitation series, following Peel et al. [42] with 30 subclasses (C/D threshold at 0 ◦C): A tropical (temperature
of the coldest month Tcold ≥ 18 ◦C), B arid (annual precipitation Pann < 10Pth, where Pth is an aridity threshold
depending on annual temperature and precipitation seasonality), C temperate (0 ≤ Tcold < 18 ◦C), D continental
(Tcold < 0 ◦C and temperature of the warmest month Thot ≥ 10 ◦C), and E polar (Thot < 10 ◦C); full criteria are
given in Appendix B. These zone labels serve as the supervision signal for metric learning: the objective is not
to reproduce the KG partition but to learn a distance metric that respects locally varying feature importance as
encoded in the KG system. Once learned, the same metric supports clustering at any resolution—coarser or finer
than KG.

2.3 Local Mahalanobis LMNN

2.3.1 Parameterisation

Low-rank variant. For each cell i with feature vector xi ∈ R
d, an MLP gφ : Rd → R

d×r predicts a Low-rank
factor Li ∈ R

d×r, from which the local metric is

Mi = LiL�
i . (1)

By construction Mi is PSD with rank ≤ r. The tuned rank parameter r = 8 (for d = 51; Sect. 2.4) requires
d · r = 408 MLP outputs per cell. The MLP uses two hidden layers of equal width �d · h	 = 178 (with h = 3.50),
ReLU activations, and dropout; architectural details are given in Appendix C.
Diagonal variant. The Diagonal variant replaces the full matrix with a per-feature weight vector. A separate

MLP hψ : R
d → R

d predicts a positive weight vector wi ∈ R
d
≥0 for each cell, yielding the diagonal metric

Mi = diag(wi). Positivity is ensured by a Softplus output activation, and the weights are L1-normalised to sum
to 1, making them directly interpretable as per-feature metric weight scores. The architecture uses two hidden
layers of decreasing width (�d · h	 = 108 and �d · h/2	 = 54, with h = 2.12) with ReLU activations and dropout.
Because the output has d units rather than d · r, the Diagonal MLP has substantially fewer parameters than the
Low-rank variant.

2.3.2 Distance

For the Low-rank variant, the distance between cells i and j is defined using the average of their local metric
matrices

Dmaha(xi, xj) =

√
(xi − xj)�Mi + Mj

2
(xi − xj). (2)

For the Diagonal variant, the corresponding distance uses the averaged weight vectors

Ddiag(xi, xj) =

√√√√ d∑
k=1

wik + wjk

2
(xik − xjk)2, (3)

which is equivalent to Eq. (2) with Mi = diag(wi), but avoids the full matrix–vector product. Both formulations
guarantee symmetry: D(xi, xj) = D(xj , xi).

2.3.3 Loss function

The MLP parameters are optimised with a loss function derived from the standard LMNN objective [39]; full
mathematical definitions are given in Appendix D. For each training cell i , its ki nearest same-zone neighbours
(in Euclidean feature space) form the target set Ti, while the nearest neighbour cells belonging to a different KG
zone form the different-zone set Ii (capped at 50 per cell).

The loss comprises three components weighted by a trade-off parameter α:

1. A pull term that shrinks the learned distance between a cell i and the corresponding Ti cells, encouraging
climatically similar cells to be placed close together.
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2. A margin term that penalises violations of a minimum gap Δ between the distance to a neighbour in Ti and
the distance to a neighbour in Ii, encouraging zone boundaries to remain well-separated in the learned metric
space.

3. A regularisation term (Low-rank variant only) that anchors each metric matrix Mi to the identity, pre-
venting metric collapse (Mi → 0) or explosion.

The Diagonal variant uses only the pull and margin terms; its L1-normalised output layer implicitly constrains
weight magnitudes, playing a role analogous to the explicit regularisation of the Low-rank variant. The margin Δ
is scaled with feature dimension, Δ = Δbase

√
d/d0, to maintain comparable violation magnitudes across feature

sets (d0 = 27 is the feature count of the initial tuning round).

2.4 Hyperparameter tuning

Hyperparameters for both variants were selected independently via Bayesian optimisation (Optuna [49]), using
a three-phase search that tuned the loss weights (trade-off α, margin Δ, and regularisation strength), optimiser
settings (learning rate, weight decay, batch size), and MLP architecture (width factor h and dropout) in sequence.
Performance was evaluated by Adjusted Rand Index (ARI) at K = 30 clusters; training used early stopping on a
held-out 20% split (Fig. 1). Search ranges and all tuned values are listed in Appendix E (Tables 3–5).

2.5 Interpretation of metric feature weights

Because the two variants differ fundamentally in their metric structure—the Low-rank metric produces a d × r
factor matrix, while the Diagonal metric reduces this to d independent per-feature weights—the resulting fea-
ture importance scores must be interpreted differently for each. We begin with the Diagonal variant, where the
interpretation is more straightforward.
Diagonal variant. The per-feature weights wij directly quantify how strongly each feature influences the

learned distance metric—that is, how much the metric stretches along a given feature axis to separate cells into
their Köppen–Geiger zones. Although these weights are related to the ecological relevance of each feature, the
relationship is indirect: a high weight means that the feature is discriminative for distinguishing climate zones,
not necessarily that it is the most important driver of local vegetation dynamics. Because the weights are L1-
normalised, they satisfy

∑
j wij = 1 and are directly interpretable as the fraction of total metric sensitivity

allocated to feature j at cell i . The dominant metric feature per cell is the feature j with the largest weight wij .
Low-rank variant. Because the Low-rank metric matrix Mi captures cross-feature interactions, its diagonal

entries alone do not fully characterise which features drive the local distance. We therefore analyse the eigen-
structure of each cell’s metric. Since each metric matrix Mi is symmetric and positive semi-definite, it admits an
eigendecomposition

Mi =
r∑

k=1

λ
(i)
k v(i)

k v(i)
k

�
, (4)

where r is the maximum rank (here r=8), λ
(i)
1 ≥ · · · ≥ λ

(i)
r ≥ 0 are the eigenvalues, and v(i)

k ∈ R
d are the

corresponding orthonormal eigenvectors. Geometrically, Mi defines an ellipsoid in feature space whose principal
axes are the eigenvectors and whose axis lengths are proportional to the eigenvalues; the top eigenvector v(i)

1 is
the direction along which the metric stretches distances most strongly. We define the weight profile of cell i as the
squared loadings of the top eigenvector

p
(i)
j = [v(i)

1, j ]
2, j = 1, . . . , d, (5)

which sums to one and quantifies how strongly each original feature contributes to the dominant metric direction
at that cell. A uniform profile (p(i)j ≈ 1/d for all j ) indicates that the dominant metric direction is distributed
approximately evenly across features.

To identify groups of cells that share similar weight profiles, we cluster the cells based on their Low-rank weight
profiles using K -means (k=12, selected by silhouette analysis; Appendix G); the resulting clusters are called weight
regimes. Each regime centroid can be read as a weight-fraction bar chart revealing which features dominate in
that region (Supplementary Material Section S6).
Metric isotropy. A learned metric can either concentrate almost all of its sensitivity on a single feature direc-

tion or spread it more evenly across many features, and this distinction is ecologically informative: a strongly
concentrated (anisotropic) metric indicates that, locally, one or few features dominate the separation of climate
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Fig. 1 Schematic illustration of the key steps in the metric learning and clustering process, shown for the Low-rank variant.
(1) For each cell i , an MLP gφ maps the feature vector xi ∈ R

d (d = 51) to a Low-rank factor matrix Li ∈ R
d×r with rank

r = 8. (2) The local metric matrix is formed as Mi = LiL
�
i . (3) The distance between two cells is calculated (Eq. (2)).

(4) Multi-Layer-Perceptron (MLP) parameters φ are trained with a large-Margin-Nearest-Neighbour (LMNN) objective
that pulls each cell towards its target neighbours and pushes impostors beyond a margin Δ, with regularisation towards
the identity metric. (5) Parameters are updated by backpropagation (AdamW); steps 1–5 are iterated until performance
convergences. (6) After convergence, the trained metric is applied to all n = 67 420 cells to assemble the full pairwise
distance matrix D ∈ R

n×n, on which (7) hierarchical clustering is performed. Solid arrows denote operations carried out
at the single-cell or single-pair level during training; dashed grey arrows denote operations carried out for all cells after
training has completed. For the Diagonal variant, step (2) is not required, since the MLP directly outputs the weight vector
wi ∈ R

d and the distance is calculated using Eq. (3)

zones, whereas a more isotropic metric indicates that many features contribute jointly. Quantifying this concentra-
tion, therefore, reveals how and where the metric specialises across the globe, and indicates whether the additional
cross-feature capacity of the Low-rank variant is actually being exploited rather than collapsing onto a single
direction. The concentration of each cell’s metric onto a subset of features is quantified by the metric isotropy ,
defined as the normalised Shannon entropy of the eigenvalue spectrum

Hi = −
d∑

j=1

λ
(i)
j∑d

l=1 λ
(i)
l

log
λ
(i)
j∑d

l=1 λ
(i)
l

, (6)

where Hi/ ln(d) ranges from 0 (metric dominated by a single direction) to 1 (isotropic metric with all eigenvalues
equal). For the Diagonal variant, the per-feature weights serve as the eigenvalues.
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2.6 Hierarchical clustering

After metric learning, the full n × n pairwise distance matrix Dmaha with entries [Dmaha]ij = Dmaha(xi, xj)
was computed, using a batched strategy that keeps peak memory independent of n (Supplementary Material
Section S4).

Agglomerative (bottom–up) hierarchical clustering was chosen over partitional methods such as k -means for
two reasons. First, it produces a full dendrogram from which a partition at any cluster count K ∈ [2, n] can be
extracted by a single cut, without recomputing the clustering for each K ; this is particularly valuable when the
optimal compression level is not known a priori and must be evaluated across several orders of magnitude in K .
Second, the learned local metrics produce a cell-specific Mi that varies across the globe, so the pairwise distance
matrix is the natural input representation; hierarchical clustering operates directly on a precomputed distance
matrix, whereas k -means requires a centroid update step that is not straightforward to define for locally varying
Mahalanobis metrics. Amongst the standard linkage criteria, complete linkage [50] was applied

dcomplete(C1, C2) = max
x∈C1, y∈C2

Dmaha(x, y). (7)

Complete linkage bounds the maximum within-cluster distance, ensuring that every cell in a cluster is climatically
similar to the representative cell—a property well suited to the goal of faithful climate input substitution. Ward
linkage was also tested with the same learned distance matrix but without dedicated hyperparameter tuning;
complete linkage achieved a higher Adjusted Rand Index (ARI = 0.367 vs. 0.323 at K=30; Appendix F), and
was therefore retained. In the following, the three distance metrics are referred to as Euclidean, Diagonal, and
Low-rank; these labels match the figure legends throughout.

2.7 DGVM simulation and reconstruction-based evaluation

DGVMs simulate vegetation dynamics driven by local climate and soil conditions—computing processes such as
photosynthesis, growth, competition, establishment, and mortality to yield ecosystem quantities, including biomass,
carbon fluxes, and vegetation composition. In the class of models considered here, each grid cell is simulated
independently with no lateral exchanges of carbon, water, or individuals between cells, so a cell’s trajectory is
fully determined by its own local environmental inputs; two cells with sufficiently similar inputs will therefore
produce nearly identical output, which is the property that makes cluster-based cost reduction possible. We
evaluate the clustering framework using LPJmL-FIT [4, 5, 9, 19], an individual-based DGVM that simulates trees
with continuously varying functional traits. The model requires climate (temperature, precipitation, radiation,
atmospheric CO2 concentration) and soil texture as input and calculates essential ecosystem processes in daily
time steps. Vegetation dynamics and vegetation biomass depend on photosynthesis, competition, establishment,
and mortality of tree individuals. Detailed model descriptions can be found in earlier publications [4, 5, 9]. Because
LPJmL-FIT assigns functional trait values stochastically during tree establishment, its simulation output contains
inherent random variability. To quantify this stochastic noise floor and provide a reference against which clustering
errors can be benchmarked, two cell-based baseline simulations were performed on the full global grid (n = 67 420
cells), each with a different random seed. For both runs a 1000-year spin-up was performed, followed by a 2000–2019
transient simulation, each using 25 patch replicates per cell. All simulations were executed on the PIK HPC [51];
hardware and cost details are given in Appendix H. In practice, substantially more patch replicates are used to
better sample stochastic trait variation—e.g., 1000–2500 in Thonicke et al. [5]—which would scale the per-run cost
proportionally and further motivate the energy savings achievable through clustering. Seed 1 serves as the baseline
reference; the difference between the two seeds quantifies the model-inherent stochastic noise floor against which
clustering errors are benchmarked.

In operational use, the clustering pipeline would reduce computational cost by simulating only the representative
cell of each cluster with LPJmL-FIT, and assigning the representative cell’s output to every cluster member.
Because each cluster’s representative cell is a member of the original global grid, its simulation output is already
available in any existing cell-based baseline run. For evaluation purposes, re-simulating representative cells is
therefore unnecessary: one can reconstruct cluster-based output fields by assigning each cluster member the baseline
output of its representative.

To evaluate the clustering, the dendrogram was cut at each of several cluster counts (K ∈ {7, 21, 67, 213, 674,
2132, 6742, 21320}) corresponding to fractions of the total number of grid cells F = K/n (equivalently, energy-
saving factor E = 1/F = n/K) that are approximately evenly spaced on a logarithmic scale from F ≈ 0.0001
to F ≈ 0.3. For each cluster, a single representative cell—the medoid—was selected as the cell with minimal
sum of pairwise distances to all other cluster members within the precomputed distance matrix of the respective
method. Each cluster member was then assigned the medoid’s time-series from the baseline simulation, producing
a reconstructed output field at the full-grid resolution.
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2.8 Evaluation metrics

The clustering pipeline is evaluated using three complementary criteria: (i) ecological-structure agreement with the
KG supervision signal (Hungarian matching at K=30); (ii) partition geometry in input and physical space (KG-
boundary cluster allocation BARKG, and within-cluster feature variance v̄; a complementary geographic-spread
diagnostic s̄ is reported in Appendix I); and (iii) downstream simulation fidelity (biomass reconstruction accuracy
and functional-diversity preservation). Criteria (i) and (ii) diagnose how the metric shapes the partition, whereas
criterion (iii) tests whether those partition properties translate into useful reductions of DGVM error.
Hungarian matching against Köppen–Geiger zones. To test whether metric learning recovered the

Köppen–Geiger supervision signal, the partition at K=30 was compared against the KG reference, which com-
prises 30 subclasses (Sect. 2.2; Appendix B). Each cluster was mapped to a unique KG zone via the Hungarian
algorithm [52], and the match ratio reports the fraction of correctly reassigned cells (Supplementary Material
Section S5, “Hungarian Zone Matching”).
KG-boundary cluster allocation (BARKG). To probe where a method concentrates its clusters, we compute

for every land cell i its local cluster diversity d
(m,K)
i , defined as the number of distinct cluster labels found in

the 5×5 neighbourhood of i (the centre cell plus 2 cells in each direction, ±1.0◦ at the 0.5◦ grid) divided by the
number of valid cells in that window. The same statistic evaluated on the 30-class KG partition yields a reference
field bKG

i that is large wherever several KG zones meet. The Boundary Allocation Ratio at KG boundaries is the
ratio of mean cluster density in the top-25% vs. bottom-25% of cells by bKG value, computed after correcting for
cluster size

BARKG(m, K) =
d(m,K)

bKG-top 25%

d(m,K)
bKG-bottom 25%

. (8)

A value of 1 corresponds to a spatially uniform cluster allocation; values above 1 indicate that cluster density
is concentrated near KG-zone borders; values below 1 indicate cluster density is concentrated in zone interiors.
This diagnostic probes how closely each method’s partition geometry is shaped by the KG training signal. A
complementary biomass-gradient variant BARBM and the misallocation gap ΔBAR are deferred to Appendix J;
formal definitions are given in Supplementary Material Section S5.
Within-cluster feature variance. The mean within-cluster feature variance measures how homogeneous

the clusters are in the original feature space. For each cluster c, the variance is the mean per-feature variance
vc = 1

d

∑d
j=1 Var(x·j | c) over the d standardised input features, and the global mean is v̄ =

∑
c(nc/n) vc. This

metric is reported separately for three feature groups: all 51 features, KG features, and soil features (Supplementary
Material Section S5).
Biomass reconstruction error. As a proxy for the accuracy of vegetation dynamics, the absolute per-cell, per-

year deviation of reconstructed biomass (kg m−2) from the baseline simulation was computed over the 2000–2019
transient period. An accuracy probability was defined as the fraction of cell×year pairs for which the absolute
biomass error does not exceed a threshold δ

Pacc(K) =
1

nT

n∑
i=1

T∑
t=1

1
(
|ycluster

it − ybaseline
it |≤ δ

)
, (9)

where δ is set to the 95th percentile of absolute errors in the inter-seed baseline comparison (seed 2 vs. seed 1 at
full-grid resolution), so that by construction Pacc = 0.95 for the baseline.
Functional diversity (Rao’s Q). Because one of the central motivations for individual-based DGVMs is their

ability to represent functional diversity and its role in ecosystem functioning [4, 53], we additionally evaluate Rao’s
quadratic entropy [54, 55] Q , computed per grid cell from specific leaf area, wood density, maximum rooting depth,
and tree height. Per-cell time-mean Q values from the reconstruction-based outputs were compared against the
baseline full-grid simulation; the relative deviation ΔQ quantifies how well the clustering preserves structural and
trait diversity (Supplementary Material Section S5, “Rao’s Quadratic Entropy”).
AI-assisted implementation. All code written to produce the results presented in this work—including

data preparation, metric learning, hyperparameter tuning, clustering, and data analysis—was developed with the
assistance of GitHub Copilot [56] within VS Code. This tool was used to generate, debug, and refine code scripts
throughout the implementation. All generated code was reviewed, tested, and validated by the authors, who take
full responsibility for its correctness and the results produced.
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3 Results

The results are presented in four steps. First, we characterise whether the two LMNN variants recover spatially
coherent, ecologically interpretable weight patterns without any explicit spatial information (“Learned metric
structure”). Second, we evaluate how those weight patterns translate into cluster partitions at K = 30 through
match ratios and boundary-allocation statistics against the Köppen–Geiger reference (“Cluster maps and climate
zone agreement”). Third, the core performance question—how quickly biomass reconstruction error shrinks as more
clusters are added, and at which cluster counts each metric excels—is addressed across five orders of magnitude
in the energy-saving factor E (“Reconstruction accuracy across cluster counts”, Sect. 3.3). Finally, we examine
where reconstruction errors arise spatially and whether the clustering preserves functional diversity beyond biomass
(“Spatial error patterns and functional diversity”, Sect. 3.4).

3.1 Learned metric structure

A central question is whether the learned local metric weights form ecologically meaningful spatial patterns without
being given any explicit spatial information. Figure 2 demonstrates that both the Diagonal and Low-rank variants
learn spatially smooth, climatically interpretable metric structures across the globe.
Diagonal variant. The dominant-feature map (Fig. 2a) colours each cell by the feature carrying the largest

weight wij . It reveals that temperature features dominate the learned metric across most of the globe. Warmest-
month temperature (purple) dominates across the boreal zone and high latitudes, where the D/E threshold controls
the forest–tundra boundary [42, 57]; the temperature annual cycle PC1 (red), which captures intra-annual temper-
ature amplitude, dominates across a comparable area spanning mid-latitude and subarctic regions; coldest-month
temperature (salmon) dominates across the tropics and subtropics—Amazon, Congo basin, Maritime Continent,
and beyond—wherever the 18 ◦C isotherm provides the primary KG boundary [40–42]; and mean annual temper-
ature (yellow) emerges across the hot arid belt, where the hot/cold B-subtype depends on annual mean thresholds
[42]. Together, these four temperature features account for over 80% of all cells. Precipitation and humidity fea-
tures (blues) become dominant only where moisture-related KG boundaries—the second letter (f, s, w, m) or the
arid (B) type—provide the locally strongest contrast, notably in monsoon regions, semi-arid transition zones, and
parts of southern Africa and East Asia [36, 42, 58].
Low-rank variant. K -means clustering of cells by their weight profiles (Sect. 2.5; k=12, selected by silhou-

ette analysis, Appendix G) partitions the global land surface into 12 spatially coherent weight regimes (defined
in Sect. 2.5) (Fig. 2b), whose centroid compositions are shown in the stacked-bar chart. The temperature dom-
inance observed in the Diagonal variant also appears in the Low-rank variant: most regimes are temperature-
weighted—R1, R2, R3, R4, R6, R8, R10, and R12 show clear temperature-feature dominance in their centroid
profiles (Fig. 2b). Three regimes (R5, R7, R9) are precipitation- and moisture-dominated, and R11 shows mixed
contributions. The geographic distribution of these regimes closely mirrors the KG zone map (Fig. 3a): temperature-
dominated regimes align with the A/C/D/E first-letter zones, moisture-dominated regimes with arid and semi-arid
areas (alignment with B first-letter zones), and the mixed regime (R11) with tropical savanna and outer-tropical
transition zones where both temperature and precipitation gradients determine KG zone boundaries.
Metric isotropy. The normalised eigenvalue entropy Hi/ ln(d) (Eq. 6; Fig. 2c, d) quantifies how concentrated

each cell’s metric is onto a subset of features. Where isotropy is low, the dominant feature or eigenvector accounts
for a large share of total metric sensitivity; where it is high, several features contribute comparably. The Diag-
onal metric (Fig. 2c) exhibits generally lower isotropy than the Low-rank metric (Fig. 2d), indicating that the
independent per-feature weighting tends to concentrate sensitivity onto fewer features, whereas the full-matrix
parameterisation distributes sensitivity more broadly through cross-feature interactions. Both variants show clear
spatial structure in isotropy, with particularly low values in polar regions and high-elevation areas, confirming that
the degree of metric concentration is itself an ecologically interpretable quantity that varies with climate context.

3.2 Cluster maps and climate-zone agreement

At K = 30 (the number of KG zones), the three distance metrics produce qualitatively different cluster partitions
(Fig. 3c, f, i). Euclidean clustering struggles to differentiate the continental climate zones of the high northern
latitudes: it assigns the vast majority of boreal and subarctic cells to a single large Dfc cluster, leaving almost no
cells for the remaining snow-climate subtypes (Dfa, Dfb, Dfd) and virtually none for the monsoon-influenced Dw
group. It also substantially overestimates and misplaces the hot semi-arid zone (BSh), extending it into regions
where the KG classification assigns temperate or tropical types. These errors are reflected in a low overall match
ratio of 28.6% after Hungarian label assignment (Fig. 3d), with mismatches distributed broadly across biomes
rather than confined to gradual transition zones.

The Diagonal and Low-rank metrics recover substantially more of the KG partition, achieving match ratios
of 64.6% and 65.2%, respectively (Fig. 3g, j). Both learned metrics produce visually similar cluster maps that
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Fig. 2 Spatial patterns of feature dominance in the learned Diagonal and Low-rank metric weights. (a)
Dominant metric feature per cell under the Diagonal variant, defined as the feature j with the largest weight wij (

∑
k wik =

1); features that are either dominant in at least 1% of all cells or contribute ≥ 5% in any regime centroid receive a distinct
colour; rarer dominant features are shown in grey. (b) Spatial distribution of the 12 Low-rank weight regimes obtained by
K -means clustering of cells by their top eigenvector loading profiles (Sect. 2.5). The stacked-bar chart shows the feature
composition of each regime centroid, with bar colours identifying features as in the legend of panel (a); only features
contributing ≥ 5% of the centroid weight are shown individually, with the hatched remainder representing the aggregate
of all features below that threshold. Both panels show which input features drive the learned distance metric locally:
panel (a) identifies the single most influential feature per cell under the Diagonal variant, while panel (b) captures the full
dominant-direction composition under the Low-rank variant—grouping cells by the feature mix of their top eigenvector and
summarising each group’s composition in the stacked-bar chart. (c) Diagonal and (d) Low-rank metric isotropy, quantified
by the normalised eigenvalue entropy Hi/ ln(d) (Eq. 6), where d = 51; both panels share a common colour scale. Values
near 0 indicate a metric dominated by a single direction; values near 1 indicate an isotropic metric with all eigenvalues
equal

closely resemble the KG reference (Fig. 3a), and their remaining mismatches concentrate along transition zones
between major climate regions—boundaries where the KG classification itself represents a sharp discretisation of
continuous climate gradients. Although the two learned metrics agree broadly, they exhibit numerous localised
differences from each other and from the KG reference:

Most notably, neither of the metrics captures the tropical monsoon zone Am well; the Low-rank variant assigns
extensive areas of Cfa (humid subtropical) where the KG classification maps Aw (tropical savanna); the Diagonal
variant tends to expand Af (tropical rainforest) at the expense of Am and Aw; and in southern Africa, the Diagonal
metric incorrectly assigns ET (tundra) to cells that should be BSh (hot semi-arid).

Two quantitative contrasts between the Euclidean and the learned metrics stand out in Fig. 3: the allocation of
clusters to KG-zone boundaries (panel b) and the decomposition of within-cluster feature variance across feature
groups (panels e, h, k).
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The KG-boundary cluster allocation BARKG (Fig. 3b) exposes how directly each method’s partition geometry
is shaped by the KG training signal. The Diagonal and Low-rank metrics concentrate 2–3 times as much cluster
density near KG-zone boundaries as in zone interiors, peaking at BARKG ≈ 3.0 for Diagonal at K = 67 and ≈ 2.8
for Low-rank at K = 30–67, before contracting towards unity as the cluster budget saturates the map at K � 6, 720.
Euclidean clustering has no such signal and stays at BARKG ≈ 1.4–1.6 throughout, driven only by the spatial
autocorrelation of the raw features. This is a direct fingerprint of the LMNN objective: the learned metrics shrink
within-zone distances and stretch across-zone distances, so complete-linkage places the earliest clusters astride
the KG borders. Applying the same quartile contrast used for KG-boundary proximity to a biomass-gradient
reference field yields a second allocation ratio BARBM (Appendix J, Fig. 8b): Euclidean reaches BARBM ≈ 2.0 at
K ≈ 213–674 and stays above both learned metrics for all K ≥ 67, whereas Diagonal and Low-rank plateau near
1.4–1.6.

The within-cluster feature variance curves (Fig. 3e, h, k) reveal qualitatively different behaviour across metrics.
For Euclidean (e), the three feature subsets start close together near 0.8–0.9, remain relatively close across most
of the K range with some separation at intermediate K , and all converge near zero at large K . For the learned
metrics (h, k), the curves diverge substantially: KG-diagnostic variance starts around 0.5 and decays towards zero

Fig. 3 Clustering results, KG-boundary cluster allocation, and within-cluster feature variance for Euclidean, Diagonal,
and Low-rank distance metrics. (a) Reference map of the 30 Köppen–Geiger (KG) climate zones. (b) KG-boundary cluster
allocation BARKG (Eq. 8): ratio of mean local cluster diversity in the top 25 % of cells by KG-boundary proximity to
the mean in the bottom 25 %, as a function of the number of clusters K ; the dotted line at 1 marks a spatially uniform
allocation. (c, f, i) Cluster maps at K=30 after Hungarian matching to KG zones for Euclidean, Diagonal, and Low-rank,
respectively. (d, g, j) Spatial agreement with the KG reference (teal: match; orange: mismatch), with the match ratio
shown in the panel title. (e, h, k) Mean within-cluster feature variance (v̄, cluster-size-weighted) as a function of K , shown
separately for all 51 features (solid), KG-diagnostic features (dotted), and soil features (dashed). Row labels on the left
distinguish the three distance metrics. Panel (b) quantifies how strongly each method’s partition geometry is anchored to
the KG training signal, while panels (e, h, k) show how quickly each method achieves within-cluster homogeneity
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with uniform decay rate (Low-rank) or steeper decay at low than at high K (Diagonal), while soil variance starts
near 0.8 and decreases slowly at first before falling more steeply at high K , remaining above 0.2 even at large
K ; the all-features curve lies between the two throughout. At K = 2132, for example, Euclidean yields a total
within-cluster variance of ∼0.10 (soil ∼0.05), whereas the learned metrics reach 0.30–0.40 total (0.55–0.65 soil),
indicating that the learned metrics concentrate feature weights heavily in the KG-diagnostic features while leaving
soil features comparatively down-weighted.

3.3 Reconstruction accuracy

Each full baseline simulation (Sect. 2.7) requires a 1000-year spin-up (≈ 13 300 CPU-hours; ≈ e 290; ≈ 237 kWh)
and a 20-year transient run (≈ 1 150 CPU-hours; ≈ e 25; ≈ 20 kWh) per seed (Appendix H); the inter-seed
biomass differences establish the model-inherent noise floor against which all clustering errors are benchmarked
below.

To determine the accuracy in reproducing global vegetation biomass distribution, we compare the deviation of
each reconstructed cluster-based output from the baseline, and assess how quickly this deviation shrinks as more
clusters are added (Fig. 4). The error distribution (Fig. 4a) and the accuracy probability P (|err|≤ δ) (Fig. 4b;
Eq. 9) provide two complementary views: the boxplots characterise the full spread and central tendency of per-cell,
per-year biomass deviations, while P quantifies the fraction of cell×year pairs whose absolute error stays within
δ = 6.82 kg m−2, the 95th percentile of the inter-seed error distribution.

At low cluster fractions (F ≤ 0.003, corresponding to energy-saving factors E ≥ 333), both learned metrics
clearly outperform Euclidean clustering in both views: median biomass deviations are closer to zero, interquartile
ranges are substantially narrower, and accuracy probabilities are markedly higher (e.g. P ≈ 0.77 for Diagonal
and P ≈ 0.71 for Low-rank versus P ≈ 0.39 for Euclidean at F = 0.0001). As F increases, all three methods
converge; at high F (0.01 ≤ F ≤ 0.3), Euclidean achieves equal or higher P than the learned metrics, although
the latter retain narrower interquartile ranges, indicating fewer extreme outliers. At F = 0.3, all three methods
have an accuracy probability above 0.9 and Euclidean even exceeds the nominal baseline value of P = 0.95. This is
possible, because the reconstruction uses the same random seed as the baseline it is compared against, eliminating
stochastic mismatch; the inter-seed comparison underlying the baseline, by contrast, includes an irreducible noise
component from independent random initialisation. For the same reason, all three methods at F = 0.3 produce
error distributions in panel (a) that are narrower than the baseline noise floor.

Low-rank and Diagonal clustering perform similarly across most of the F range, with Diagonal achieving slightly
higher P at the lowest cluster counts, confirming that learned per-feature weighting captures the beneficial struc-
ture; the additional cross-feature interactions in the Low-rank metric do not provide further improvement for
biomass reconstruction in this experiment.

3.4 Spatial error patterns and functional diversity

Beyond aggregate error statistics, it is important to understand where reconstruction errors arise spatially. Figure 5
shows the per-cell relative biomass deviation for three representative clustering configurations chosen to illustrate
all three distance metrics across a wide range of F (cf. Fig. 4a, b): the Diagonal metric at F = 0.001 (K = 67,
E = 1000)), where it performs best; the Low-rank metric at F = 0.01 (K = 674, E = 100), where Diagonal
and Low-rank perform equally; and the Euclidean metric at F = 0.1 (K = 6742, E = 10), where it performs
best. Relative deviations are largest where baseline biomass is small: semi-arid and polar interiors and transition
zones between high-biomass vegetation (tropical or boreal forest) and adjacent low-biomass vegetation (savanna,
steppe, tundra). Relative deviation maps for all cluster counts and all methods are provided in Appendix K; the
corresponding absolute deviation maps are in Appendix L; and functional-diversity maps are in Appendix M.

At E = 1000 (Fig. 5a, b) the Diagonal metric reproduces the broad global biomass pattern, but percent-
age deviations exceeding ±50% appear across large parts of the tropics, semi-arid regions, and high-latitude
forests, concentrated at transitions between high-biomass and low-biomass vegetation where steep baseline gradi-
ents amplify any feature mismatch between a cell and its representative. At E = 100 (Fig. 5c, d), deviations are
substantially reduced, with strong residual signals confined to localised transition zones between major climate
regions. At E = 10 (Fig. 5e, f), the deviation map is largely within ±10%, visually approaching the cell-based
baseline (Fig. 5g), though residual errors persist along KG zone boundaries. Across all three cluster counts, relative
deviations from the baseline are highest in zones of steep biomass gradients, e.g., the transition between tropical
rainforest and adjacent savanna, or the transition between boreal forest and adjacent tundra, where any mismatch
between a cell and its representative incurs a large relative error. In the case of absolute deviations, shown in
Appendix L, larger deviations also occur inside the high-biomass regions, reflecting the large biomass stocks in
these regions.
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Fig. 4 Biomass reconstruction error across cluster counts for Euclidean, Diagonal, and Low-rank clustering. The horizontal
axis shows the cluster fraction F = K/n and equivalent energy-saving factor E = 1/F . a Grouped boxplots of per-cell, per-
year absolute biomass deviations (reconstructed minus baseline, kg m−2) for Euclidean, Diagonal, and Low-rank clustering
across all tested values of K , showing that median errors decrease and spread narrows as more clusters are used, with all
three methods approaching the baseline noise floor at large F . The rightmost box (Baseline) shows the inter-seed baseline
deviation (seed 2 vs. seed 1 at full resolution), representing the model-inherent noise floor against which clustering errors
are benchmarked. b Accuracy probability P (|err|≤ δ): the fraction of cell×year pairs whose absolute biomass error does
not exceed the threshold δ, defined as the 95th percentile of absolute baseline errors, so that P = 0.95 for the baseline by
construction. The baseline value is shown on the right

While biomass is a key state variable that integrates vegetation growth and mortality, individual-based DGVMs
such as LPJmL-FIT can provide more information on vegetation dynamics, such as vegetation diversity, compo-
sition, and structure—and any operational clustering should preserve these higher-order properties. We therefore
additionally evaluate Rao’s quadratic entropy Q , a measure of functional and structural diversity of the simulated
tree communities, computed per grid cell from the key functional traits specific leaf area, wood density, and maxi-
mum rooting depth, together with tree height as a structural-diversity variable (Fig. 5i). The ΔQ deviations follow
a convergence pattern similar to the biomass errors: at low cluster counts (F ≤ 0.001), median deviations and
interquartile ranges are substantial, with spreads of ±25–50% for the same reason that drives large relative biomass
errors—when a representative cell from one vegetation type is assigned to a cluster member in a structurally dif-
ferent biome, both biomass and Q shift considerably. As F increases, ΔQ narrows steadily, and at F = 0.3 the
cluster-induced deviations fall below the inter-seed baseline noise floor. This sub-baseline behaviour at high F is
expected, because reconstruction assigns each cluster member the output of its representative from baseline 1 and
compares against baseline 1 (identical seed), whereas the noise floor is defined by comparing baseline 1 against
baseline 2 (independent seeds), so the cluster-based evaluation is not subject to the additional stochastic mismatch
between seeds. Maps of Q and ΔQ are provided in Appendix M.
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Fig. 5 Maps of reconstructed biomass, spatial distribution of relative error, and functional diversity at selected cluster
counts. a, b Diagonal metric at K = 67 (E = 1000): time-mean biomass [kgC m−2] and percentage deviation from baseline.
c, d Low-rank metric at K = 674 (E = 100). e, f Euclidean baseline at K = 6742 (E = 10). Deviation maps (right
column) use a diverging scale capped at ±100 %. Panels g and h show the cell-based baseline itself (Seed 1; 67 420 cells)
and the percentage deviation of an independent cell-based simulation with a different random seed (Seed 2 minus Seed 1),
respectively; this seed-to-seed difference quantifies the model-inherent stochastic noise floor for the map deviations. The
biomass colour scale is capped at the 99th percentile (≥ 63 kgC m−2); values above this threshold are shown in the top
colour. i Boxplots of the relative deviation ΔQ [%] of Rao’s quadratic entropy (Supplementary S4) between reconstruction-
based and cell-based outputs, across all cell×year pairs, as a function of the fraction of total grid cells F = K/67 420. Rao’s Q
is computed per grid cell from specific leaf area, wood density, and maximal rooting depth as plant functional traits, and
tree height as a simulated structural-diversity variable. The rightmost box (F = 1.0, Baseline) shows ΔQ between the
two independent cell-based seeds (Seed 2 minus Seed 1), providing the stochastic noise floor against which cluster-induced
deviations should be evaluated
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4 Discussion

We set out to test whether spatially adaptive, KG-supervised distance metrics produce ecologically meaningful
clusters of DGVM input features at multiple resolutions and whether these clusters accurately reconstruct the
vegetation state of the full-grid simulation. Three metrics were compared at cluster counts spanning five orders of
magnitude: a uniform Euclidean metric (the standard choice in prior clustering-based cost-reduction work), and
two locally adaptive LMNN variants—Diagonal (per-feature weights only) and Low-rank (with cross-feature
interactions).

This section is organised around three questions raised by the results: (i) how distance-metric choice shapes clus-
tering quality and where its advantage is bounded by the scale of the supervision signal (Sect. 4.1); (ii) whether the
additional model complexity of the Low-rank variant is warranted given the KG training signal (Sect. 4.2); (iii) the
energy-saving potential versus the one-off cost of metric learning (Sect. 4.3); and finally the scope, limitations, and
implications for future work (Sect. 4.4).

4.1 Metric choice, error sources, and the scale of the supervision signal

Prior clustering-based cost-reduction approaches in land surface and vegetation modelling [31, 33–35] rely on
globally uniform distance metrics with equal or heuristically chosen feature weights. Our results show that locally
adapted feature weights drastically improve global clustering results for cluster numbers < 674 compared to the
baseline with equal weights for all features everywhere. At K = 30, the Diagonal and Low-rank variants recover
64.6% and 65.2% of the KG reference partition, against 28.6% for Euclidean (Fig. 3d, g, j), and the same advantage
persists in reconstruction accuracy across two orders of magnitude (K � 674, E � 100; Fig. 4). The mechanism
behind this advantage is made explicit by the KG-boundary cluster allocation BARKG (Fig. 3b): the learned
metrics concentrate 2–3 times as much cluster density per unit area on KG-zone boundaries as on zone interiors,
peaking at BARKG ≈ 3.0 at K = 30–67, whereas Euclidean remains at BARKG ≈ 1.4–1.6 throughout. The learned
metrics therefore encode the KG training signal directly into the partition geometry, at exactly the spatial grain
where that signal is informative.

This same mechanism, however, is also the main source of errors in the reconstruction of simulated biomass.
KG borders do not necessarily align with the biomass gradients simulated by DGVMs (Figs. 3a, 5g); consequently,
concentrating clusters near KG boundaries places the available resolution where it is less needed — at zone inte-
riors—rather than at the steep biomass gradients where it would reduce reconstruction error most. The ratio of
cluster diversity close to biomass gradients to cluster diversity away from biomass gradients BARBM confirms
that this misallocation is much stronger for the learned metrics compared to the Euclidean one (Appendix J,
Fig. 8b). Despite this misallocation, the learned variants achieve high accuracies already at low K , clearly outper-
forming the Euclidean variant for K � 674. By concentrating all metric sensitivity onto the features that define
KG boundaries—warmest-month and coldest-month temperature, and related annual cycle statistics (Fig. 2a)
— LMNN keeps cells of the same broad biome type together even when they are geographically far apart, pro-
ducing internally homogeneous large clusters that Euclidean, with equal feature weights, cannot replicate. At
higher cluster counts, however, this concentration of metric sensitivity onto broad climate features—and the con-
sequent downweighting of local variables such as soil texture (Fig. 3h, k)—becomes a disadvantage as it is no
longer appropriate once within-biome heterogeneity drives the remaining error. The mean geographic spread s̄
(Appendix I, Fig. 7) quantifies this: the learned metrics retain 20–40◦ geographic spread even at K = 21 320,
whereas Euclidean converges to compact, near-contiguous clusters (s̄ ≈ 3◦ at the same K ), because it does not
suppress local feature dimensions. Near K ≈ 674, the geographic spread s̄ of Euclidean clusters falls below that of
both learned metrics—precisely where the Euclidean accuracy probability rises above that of both learned metrics
(Fig. 4b)—indicating that this difference in geographic spread is a key factor in the relative performance of the
metrics. The operational recommendation is therefore simple: use KG-supervised metrics in the high-saving regime
(E ≥ 100), where the training signal is aligned with the partition grain; at lower savings, the uniform metric is
preferable. Extending the advantage to higher K would require a finer supervision signal, e.g., ecoregion classi-
fications with 800 or more classes [59, 60]. Additional analysis of mechanisms leading to reconstruction errors is
provided in Appendix J.

4.2 Diagonal versus Low-rank: interpretability and overfitting

The Diagonal and Low-rank variants achieve nearly identical match ratios with Köppen–Geiger zones at K = 30
(64.6 % vs. 65.2 %) and similar biomass reconstruction accuracy across the full range of K (Fig. 4). Under the
KG supervision signal, per-feature weighting already captures the temperature and moisture axes that define the
KG first-letter boundaries (Fig. 2), so the additional cross-feature interactions of the Low-rank parameterisation
add little discriminative power for the error-dominating population identified in Sect. 4.1. The Diagonal variant is

123



Eur. Phys. J. Spec. Top.

therefore recommended as the default for operational use under KG-based supervision, with two practical advan-
tages: its learned weights are directly interpretable as per-feature weight maps (Fig. 2a), and it has a smaller
parameter count and lower overfitting risk than the Low-rank variant due to its smaller number of trained param-
eters. The Low-rank formulation remains valuable with finer supervision signals where discriminating between
ecologically similar zones may require cross-feature interactions that the Diagonal parameterisation cannot repre-
sent, and where the 12 spatially coherent weight regimes recovered by eigendecomposition of the Low-rank matrices
(Fig. 2b) suggest the capacity to carry such sub-biome structure.

4.3 Energy consumption reduction potential and metric learning cost

The recommended Diagonal metric learning pipeline requires ∼ 10 kWh for full tuning and training, or ∼ 2
GPU-hours for production training alone when reusing previously tuned hyperparameters (full breakdown in
Appendix H). This is less than 5 % of the ≈ 237 kWh consumed by a single 25-patch LPJmL-FIT spin-up (Sect. 3)
and negligible relative to the simulation energy it enables to save. Crucially, tuning depends on the feature set and
model architecture, not on the climate data, so it needs to be performed only once and transfers directly to new
climate scenarios, future projections, or higher-resolution grids using the same features. Only the ∼ 2 GPU-hour
production training needs to be repeated per dataset. The learned distance matrix itself supports hierarchical
clustering at any K without retraining, so the cost of switching cluster counts is effectively zero.

Translated into simulation savings: research-grade LPJmL-FIT configurations use up to 2500 patch replicates [5],
100× the 25-patch baseline used here. At E = 1000 (K = 67), where more than 80 % of cell–year pairs already
stay within the inter-seed noise floor (Fig. 4b), the combined spin-up and 20-year transient simulation cost falls
from approximately e 31 500 (25 700 kWh) to e 31.5 (25.7 kWh) for a 2 500-patch configuration—a reduction
of 99.9 % in both cost and energy. These savings compound across every additional ensemble member, climate
scenario, or parameter sweep, and are therefore particularly useful in model development, where full accuracy is
often less critical than in production runs for published research. Calibration runs, benchmarking experiments,
and regression testing all involve many repeated global-scale simulations, for which energy use can be reduced by
three orders of magnitude with only modest loss of accuracy.

4.4 Scope, limitations, and future directions

This paper introduces the methodological framework and provides a proof-of-concept demonstration using LPJmL-
FIT as an example that can be applied to other models with independent cells as well. Nevertheless, several avenues
for further development remain. The current feature set of 51 variables spans the major climate, radiation, and
soil dimensions relevant to global vegetation, but the optimal number and selection of features for the metric
learning objective has not been systematically explored. Different feature sets, dimensionality reduction strate-
gies, and feature engineering choices may yield improved clustering quality, particularly when combined with
alternative supervision signals. The Köppen–Geiger classification with 30 zones was chosen, because it provides
a well-established, physically interpretable partition at a coarse scale where reduction in computational cost is
particularly high, yet the framework is equally compatible with finer or ecologically richer schemes. Ecoregion
classifications with more than 800 regions [59, 60] would provide substantially more detailed supervision, poten-
tially improving cluster quality at high resolutions and making the Low-rank metric’s capacity for cross-feature
interactions more valuable. Other options include learning from existing biomass or vegetation maps, extending the
training to higher cluster numbers, or combining multiple classification schemes; that the metric trained on only
30 classes generalises effectively across orders of magnitude in K suggests that finer supervision could yield further
improvements. The method assumes that grid cells are simulated independently without lateral fluxes of carbon,
water, or individuals between cells—an assumption that holds for LPJmL-FIT and many other DGVMs simulating
unmanaged vegetation [2, 3, 10, 11] but would need modification for models with explicit spatial interaction, such
as landscape-scale models with seed dispersal, wildfire spreading or hydrological routing. Adapting the approach
to another model is largely a matter of input and output handling: the existing gridded input data are clustered,
only the representative cell of each cluster is simulated, and cluster members are assigned their representative’s
output to reconstruct a full grid. The main practical challenge is the model’s grid format. Models accepting an
arbitrary list of cells are the most straightforward, while models that require a regular-grid format need either
masking non-representative cells or placing the representatives on a new regular grid.

The learned metric can be reused for any vegetation model satisfying the same condition of independent grid cells
and for any desired number of clusters. For climate projections, the Köppen–Geiger classification can be recomputed
from the projected climate data and the metric retrained. Because the KG boundaries and the clustering are derived
from the same climate data, any variability in the underlying climate, e.g., due to climate change, propagates
consistently to the supervision signal for metric learning, the clustering, and the model output. However, the
more climate changes in the simulated time-period, the less accurate are the summarising features used for KG
classification and clustering regarding the representation of the climate and the climate-zone boundaries during
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that period, increasing the error of the metric learning and clustering. To minimise the influence of inter-period
climate variability, the KG classification, the clustering, and the model output can be computed over shorter,
matching time windows.

For ensemble runs, a small set of representative ensemble members could be trained once and the corresponding
metrics reused across ensembles. Whether retraining is necessary at all depends on how much the Köppen–Geiger
boundaries shift under the projected climate. If the shift in zone assignments is small relative to the method’s
inherent uncertainty—as discussed in Sect. 4.1—retraining would not yield a meaningful improvement and the
existing distance matrix can be reused directly.

The choice of cluster count and distance metric should be guided by the research question. Studies that require
only aggregated outputs—such as global or biome-level totals of biomass, carbon fluxes, or productivity—could
operate at low K with learned metrics, where the reconstruction captures broad spatial patterns and the energy
savings are largest. When spatially resolved accuracy matters—for example in regional impact assessments or
biodiversity analyses that depend on local vegetation structure—higher K with the Euclidean metric offers the
best per-cell fidelity (Sect. 4.1).

Future work will explore finer supervision signals, optimal feature selection, and interpolation methods for
transition zones, and will deliver a ready-to-use software package automating the full pipeline and providing
guidelines for choosing the cluster count for specific applications.

5 Conclusion

Global simulations with biodiversity-enhanced DGVMs are computationally expensive, but many of the tens of
thousands of land grid cells share similar environmental conditions.

Exploiting this redundancy by simulating only a representative cell per cluster and assigning its output to all
cluster members can reduce cost by orders of magnitude. To find suitable clusters for this purpose, we developed
a two-stage pipeline: a local LMNN framework learns cell-specific distance metrics supervised by Köppen–Geiger
climate-zone boundaries, followed by hierarchical clustering of all land cells using the learned distance metrics. This
produces a single dendrogram from which partitions at any cluster count K can be extracted without retraining.
Because the framework requires only spatially independent grid cells—that is, cells whose DGVM state evolves
without lateral exchanges of carbon, water, or individuals—it is directly applicable to any DGVM of this class.

The learned metrics substantially outperform the uniform Euclidean baseline in the high-saving regime (E ≥ 100,
K ≤ 674): at E = 1000 (K = 67), more than 80 % of cell–year pairs already stay within the model-inherent
stochastic noise floor, and functional diversity follows the same convergence pattern. At lower saving factors, i.e.,
at higher spatial resolution, where locally important features like soil texture—which are down-weighted in metric
learning on the coarse KG zones—drive remaining errors, the Euclidean metric performs equally well or better.

Of the two learned variants, the Diagonal metric—which learns per-feature weights without cross-feature interac-
tions—matches the Low-rank variant in reconstruction accuracy while providing more easily interpretable feature
weights and being computationally lighter; it is the recommended default for KG-based supervision. The Low-
rank formulation retains value as a more expressive alternative that may prove advantageous with finer supervision
signals such as ecoregion classifications.

The practical benefits of our method are substantial. Evaluated with the DGVM LPJmL-FIT, more than 80%
of cell–year pairs already stay within the 95th-percentile threshold of the model-inherent stochastic noise floor at
E = 1000 (K = 67, consuming only 0.1 % of full-grid energy). Assuming global model runs with LPJmL-FIT
were performed with the same number of patches used for regional studies, clustering at E = 1000 could save up
to 25 000 kWh and e 31 000 for model spin-up alone.

This reduction in energy and cost not only reduces the carbon footprint of global-scale DGVM research, but also
helps remove a major infrastructure barrier for research groups worldwide and democratises access to global-scale
DGVM research.

Supplementary Information The online version contains supplementary material available at https://doi.org/10.1140/
epjs/s11734-026-02526-1.
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Appendix B: Köppen–Geiger climate-zone definitions

Table 2 lists all 30 Köppen–Geiger subclasses used as supervision labels, following the criteria of Peel et al. [42]
with the C/D boundary at 0 ◦C.
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Table 2 Köppen–Geiger climate-zone definitions. Thot: temperature of the warmest month; Tcold: temperature of the
coldest month; Pann: annual precipitation; Pdry: precipitation of the driest month; Pth: aridity threshold (depends on
annual temperature and precipitation seasonality)

Zone Name Key criteria

A—Tropical (Tcold ≥ 18 ◦C )

Af Tropical rainforest Pdry ≥ 60 mm

Am Tropical monsoon Pdry < 60 mm, ≥ 100 − Pann/25

Aw Tropical savanna Pdry < 100 − Pann/25

B—Arid (Pann < 10 Pth)

BWh Hot desert Pann < 5 Pth, Tann ≥ 18 ◦C

BWk Cold desert Pann < 5 Pth, Tann < 18 ◦C

BSh Hot semi-arid (steppe) Pann ≥ 5 Pth, Tann ≥ 18 ◦C

BSk Cold semi-arid (steppe) Pann ≥ 5 Pth, Tann < 18 ◦C

C—Temperate (0 ≤ Tcold < 18 ◦C, Thot > 10 ◦C)

Csa Hot-summer Mediterranean Dry summer, Thot ≥ 22 ◦C

Csb Warm-summer Mediterranean Dry summer, Thot < 22 ◦C

Csc Cold-summer Mediterranean Dry summer, < 4 months > 10 ◦C

Cwa Humid subtropical (dry winter) Dry winter, Thot ≥ 22 ◦C

Cwb Subtropical highland (dry winter) Dry winter, Thot < 22 ◦C

Cwc Cold subtropical (dry winter) Dry winter, < 4 months > 10 ◦C

Cfa Humid subtropical No dry season, Thot ≥ 22 ◦C

Cfb Oceanic No dry season, Thot < 22 ◦C

Cfc Subpolar oceanic No dry season, < 4 months > 10 ◦C

D—Continental (Tcold < 0 ◦C, Thot ≥ 10 ◦C)

Dsa Hot-summer cont. Mediterranean Dry summer, Thot ≥ 22 ◦C

Dsb Warm-summer cont. Mediterranean Dry summer, Thot < 22 ◦C

Dsc Subarctic (dry summer) Dry summer, < 4 months > 10 ◦C

Dsd Extremely cold (dry summer) Dry summer, Tcold < −38 ◦C

Dwa Hot-summer humid cont. (dry winter) Dry winter, Thot ≥ 22 ◦C

Dwb Warm-summer humid cont. (dry winter) Dry winter, Thot < 22 ◦C

Dwc Subarctic (dry winter) Dry winter, < 4 months > 10 ◦C

Dwd Extremely cold (dry winter) Dry winter, Tcold < −38 ◦C

Dfa Hot-summer humid continental No dry season, Thot ≥ 22 ◦C

Dfb Warm-summer humid continental No dry season, Thot < 22 ◦C

Dfc Subarctic (boreal) No dry season, < 4 months > 10 ◦C

Dfd Extremely cold No dry season, Tcold < −38 ◦C

E—Polar ( Thot < 10 ◦ C)

ET Tundra 0 ≤ Thot < 10 ◦C

EF Ice cap Thot < 0 ◦C

Appendix C: MLP architecture details

Appendix C.1: Low-rank variant

The MLP gφ : Rd → R
d×r that predicts the Low-rank factor Li has the following architecture:

h1 = ReLU(W1 xi + b1), (C1)
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h2 = Dropout(h1, p), (C2)

h3 = ReLU(W2 h2 + b2), (C3)

h4 = Dropout(h3, p), (C4)

vec(Li) = W3 h4 + b3, (C5)

where W1 ∈ R
178×51, W2 ∈ R

178×178, and W3 ∈ R
408×178 are learnable weight matrices (with hidden dimension

�d · h	 = �51 · 3.50	 = 178), b1, b2, b3 are learnable bias vectors, and p = 0.285 is the dropout probability applied
independently at each Dropout layer during training. The output vector vec(Li) ∈ R

d·r = R
408 is reshaped to

Li ∈ R
51×8. No Softplus or normalisation is applied; PSD-ness is guaranteed by the Gram construction Mi = LiL�

i .
Output-layer weights are initialised from N (0, 0.012) with zero bias, so that Mi = LiL�

i ≈ 0 at initialisation.
The regularisation term (D15) pulls the metric towards the identity Id during training.

PSD guarantee. For any matrix Li ∈ R
d×r and any vector v ∈ R

d, v�Mi v = v�LiL�
i v = ‖L�

i v‖2≥ 0, so
Mi is PSD by construction regardless of the MLP output.

Appendix C.2: Diagonal variant

The Diagonal MLP fθ : Rd → R
d
≥0 predicts a non-negative weight vector wi using a decreasing-width architecture:

h1 = ReLU(W1 xi + b1), (C6)

h2 = Dropout(h1, p), (C7)

h3 = ReLU(W2 h2 + b2), (C8)

h4 = Dropout(h3, p), (C9)

w̃i = Softplus(W3 h4 + b3), (C10)

wi =
w̃i

‖w̃i‖1
, (C11)

where W1 ∈ R
108×51, W2 ∈ R

54×108, and W3 ∈ R
51×54 are learnable weight matrices. The hidden dimensions

follow a halving scheme: h1 = max(16, �d · h	) = 108 and h2 = max(8, �h1/2	) = 54, with h = 2.12. Dropout
probability is p = 0.285. The element-wise Softplus ensures all weights are strictly positive, and the 
1-normalisation
makes wi a proper distribution over features. No near-zero initialisation is required: the Softplus activation and
subsequent normalisation keep outputs bounded regardless of initial parameter values.

Appendix D: Loss function details

For each training cell i , let Ti denote its ki nearest same-zone neighbours (in Euclidean feature space) and Ii

the set of different-zone cells in the training batch (capped at 50). Following the large-margin nearest-neighbour
formulation [39], the Low-rank variant combines a pull term, a squared-hinge margin term, and a regularisation
term

LLow-rank = (1 − α)Lpull + α Lmargin + λreg Lreg, (D12)

where α ∈ [0, 1] is the trade-off weight that balances the pull and margin terms, λreg ≥ 0 is the regularisation
weight, and the component losses are

Lpull =
1
ki

∑
j∈Ti

D2
maha(xi, xj), (D13)
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Lmargin =
1

ki |Ii|
∑
j∈Ti

∑
l∈Ii

max(0, D2
maha(xi, xj) − D2

maha(xi, xl) + Δ)2, (D14)

Lreg =
1
n

n∑
i=1

‖Mi − Id‖2F . (D15)

The pull term (D13) draws same-zone cells together [39]. The margin term (D14) enforces a minimum gap Δ
between the distance to a same-zone neighbour and the distance to a different-zone cell; the squared hinge provides
continuous gradients and penalises large violations more strongly than small ones [39]. The effective margin Δ
is derived from a tuned base margin Δbase by the dimension scaling Δ = Δbase

√
d/d0, where d is the feature

dimension and d0 is a reference dimension (the feature count of the initial tuning round); this keeps the margin
comparable across feature sets of differing dimensionality. The regularisation term (D15), averaged over all n
training cells, anchors each local metric matrix Mi to the identity matrix Id ∈ R

d×d, where ‖·‖F denotes the
Frobenius norm (the square root of the sum of squared matrix entries). The identity is the natural reference point:
Dmaha with Mi = Id reduces to the plain squared Euclidean distance, so the penalty encourages each cell’s metric
to deviate from uniform feature weighting only where the training signal provides evidence for it. Regularising a
learned Mahalanobis metric towards a fixed prior such as the identity is a standard means of avoiding degenerate
solutions [69], in which the metric is anchored to a baseline matrix and only allowed to depart from it where
warranted by the data. Here, this is particularly important, because each Mi is produced by the MLP rather
than constrained directly: without this term, gradient descent can drive Mi towards zero (making all cells appear
equidistant) or to unbounded magnitudes [69]. The weight λreg controls how strongly the metric is pulled back
towards the Euclidean baseline relative to the pull and margin objectives.

The Diagonal variant uses a two-term loss without explicit regularisation

LDiag = (1 − α)Lpull + α Lmargin, (D16)

where the pull and margin terms are defined identically to Eqs. (D13)–(D14) but with Ddiag (Eq. 3) in place of
Dmaha. No explicit regularisation is needed here, because Ddiag is parameterised by a non-negative weight vector
wi that is L1-normalised after each gradient step, bounding each entry to [0, 1] and preventing collapse or explosion
by construction.

Appendix E: Hyperparameter settings

Tables 3 and 4 list the tuned hyperparameter values used in the Low-rank and Diagonal production runs, respec-
tively. All values were selected by the two-round Optuna search described in Sect. 2.4. Both variants are trained
with the AdamW optimiser [70], an adaptive gradient method that maintains per-parameter learning rates based
on running estimates of the first and second gradient moments. Unlike standard Adam, AdamW applies weight
decay directly to the parameters rather than folding it into the gradient update, which prevents the adaptive
learning rates from distorting the regularisation effect.

Table 5 summarises the search ranges used in the initial and refined Optuna tuning rounds (d = 51). Parameters
marked with L apply only to the Low-rank variant; all other parameters are shared.

Appendix F: Linkage method comparison

To verify the choice of complete linkage, Ward linkage was tested on the same learned distance matrix (Low-rank
metric, d=51 features) without dedicated hyperparameter tuning. Table 6 reports the Adjusted Rand Index (ARI)
and Normalised Mutual Information (NMI) at K=30 clusters for both linkage methods. Complete linkage achieves
a higher ARI, indicating better agreement with the Köppen–Geiger partition used as the evaluation target, while
the two methods produce similar NMI values. Because the hyperparameter search (Sect. 2.4) was conducted with
complete linkage, comparing against a non-tuned Ward run establishes a lower bound on the performance gap;
dedicated tuning for Ward might narrow the difference, but the result supports the choice of complete linkage as
the default.
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Table 3 Tuned
hyperparameter values for
the Low-rank (local
Mahalanobis) LMNN
production run (d = 51,
n = 67 420 cells)

Hyperparameter Symbol Value

Feature dimension d 51

Low-rank factor rank r 8

Margin trade-off weight α 0.452

Base margin Δbase 0.842

Effective margin Δ = Δbase

√
d/d0 1.157

Margin reference dimension d0 27

Regularisation weight λreg 1.24 × 10−4

Learning rate (AdamW) η 1.96 × 10−3

Weight decay (AdamW) – 1.07 × 10−3

Batch size – 512

Hidden width factor h 3.50

Hidden dimensions (h1, h2) (178, 178)

Dropout probability p 0.285

Early-stopping patience – 15 epochs

Validation split – 20%

Max impostors per anchor – 50

Table 4 Tuned
hyperparameter values for
the Diagonal (local
weighted) LMNN
production run (d = 51,
n = 67 420 cells)

Hyperparameter Symbol Value

Feature dimension d 51

Margin trade-off weight α 0.786

Base margin Δbase 0.585

Effective margin Δ = Δbase

√
d/d0 0.804

Margin reference dimension d0 27

Learning rate (AdamW) η 1.46 × 10−3

Weight decay (AdamW) – 3.12 × 10−4

Batch size – 512

Hidden width factor h 2.12

Hidden dimensions (h1, h2) (108, 54)

Dropout probability p 0.285

Early-stopping patience – 15 epochs

Validation split – 20%

Max impostors per anchor – 50

Table 5 Optuna search
ranges for the initial and
refined tuning rounds.
Phase 2 parameters were
fixed in the refined round. L

Low-rank variant only

Parameter Phase Initial range Refined range

α 1 [0.3, 0.8] [0.40, 0.65]

Δbase 1 [0.5, 2.0] [0.70, 1.10]

rL 1 {2, 4, 8, 16} {2, 4, 8}
Batch size 2 {128, 256, 512, 1024} (fixed at 512)

η 2 [10−4, 10−2] (fixed)

Weight decay 2 [10−5, 10−2] (fixed)

λreg
L 2 [10−6, 10−2] [5 × 10−5, 5 × 10−4]

h 3 [1.0, 6.0] [2.5, 4.5]

p (dropout) 3 [0.0, 0.5] [0.15, 0.40]
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Table 6 Linkage
comparison at K=30 using
the Low-rank distance
matrix (d=51, n=67 420).
Ward linkage was run
without dedicated
hyperparameter tuning

Linkage method ARI NMI

Complete 0.367 0.621

Ward 0.323 0.629

Fig. 6 Mean silhouette
score as a function of the
number of K -means clusters
k applied to the Low-rank
weight-profile matrix (d=51
features, n = 67 420 cells).
The silhouette score peaks
at k=12, which is adopted
for the regime analysis in
the main text

Appendix G: Weight-regime cluster selection

The number of weight regimes k used in the eigenvector-profile analysis (Sect. 2.5) was selected by evaluating K -
means clustering of the n × d weight-profile matrix for k ∈ {5, . . . , 20} and choosing the value that maximises the
mean silhouette score (Fig. 6). The silhouette score peaks at k=12 (silhouette = 0.519), followed by k=7 (silhouette
= 0.518) and k=13 (silhouette = 0.515). Values of k < 5 were excluded, because very coarse partitions merge
ecologically distinct regimes (e.g., all temperature-related features collapse into a single cluster). The selected k=12
resolves the full spectrum of climate–vegetation contrasts visible in the dominant-feature map (Fig. 2b).

Appendix H: Simulation infrastructure and metric learning cost

Both metric learning pipelines were executed on NVIDIA H100 80 GB HBM3 GPUs via the PIK HPC cluster
(partition gpu, QoS gpupreempt), each using a single GPU and eight CPU cores. Infrastructure was identical for
both variants.

The hyperparameter tuning pipeline consists of four sequential phases: Phase 1 tunes loss-landscape parameters
and Phase 2 tunes optimiser dynamics, both on a 15 002-cell subsample. Phase 3 tunes architecture parameters
on the full 67 420-cell grid, and Phase 4 performs the final production training and distance matrix computation
on the full grid. Table 7 summarises the per-phase breakdown.

Pruning and convergence behaviour. On the subsample phases (1–2), both variants completed all requested
trials. On the full-data Phase 3, 3 of 5 Diagonal trials and 1 of 3 Low-rank trials were pruned by the Optuna TPE
sampler. Pruned trials consume only a fraction of the compute of a completed trial.
Energy consumption estimate. The NVIDIA H100 SXM GPU used for all experiments has a maximum

thermal design power (TDP) of 700 W [71]. At full TDP, the 14.5 GPU-hours required for the complete Diagonal
tuning and training pipeline (Table 7) correspond to an upper bound of 14.5 h × 0.70 kW = 10.15 kWh ≈ 10 kWh.
In practice, GPU utilisation during training and hyperparameter tuning rarely reaches sustained full TDP, so
actual energy consumption is likely somewhat below this ceiling. The Low-rank pipeline (9.4 GPU-hours total;
Table 7) correspondingly consumes at most 9.4 × 0.70 = 6.6 kWh. Both figures are upper bounds based on peak
TDP and should be interpreted accordingly.
Training implementation and comparability. The Diagonal and Low-rank variants were trained with

different implementations of the LMNN loss, so their per-phase wall times (Table 7) are not directly comparable
as a measure of inherent computational complexity. The Diagonal training loop materialises a full B × B pairwise
distance matrix per batch (B = 512, yielding 262 144 distance evaluations) and mines triplets with explicit per-
anchor iteration, resulting in ∼ 77 s per epoch on the full grid. The Low-rank implementation pre-selects triplets
by index and computes distances only for the resulting anchor–target and anchor–impostor pairs, achieving ∼ 31 s
per epoch despite having 8× more MLP parameters (57 834 vs. 7 091). Both variants completed the full 100-epoch
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Table 7 Computational cost breakdown for Diagonal and Low-rank LMNN hyperparameter tuning and production training
on a single NVIDIA H100 80 GB HBM3 GPU. “Trials” is the number requested by the Optuna optimiser; “completed”
is the number that ran to convergence (the remainder were pruned via early stopping). Wall times are from the actual
SLURM job logs

Diagonal Low-rank

Phase Trials (completed) Data Wall time Trials (completed) Data Wall time

1 20 (20) 15 k sub 4.9 h 25 (25) 15 k sub 4.3 h

2 15 (15) 15 k sub 4.9 h 15 (15) 15 k sub 2.4 h

3 5 (2) full 2.6 h 3 (2) full 1.4 h

4 1 (1) full 2.2 h 1 (1) full 1.2 h

Tuning (1–3) 12.4 h 8.1 h

Production (4) 2.2 h 1.2 h

Total 14.5 h 9.4 h

budget in Phase 4. In principle, the Diagonal variant should be cheaper to train and tune than the Low-rank variant:
its MLP is smaller, its per-cell distance computation scales as O(d) rather than O(d2), and its hyperparameter
search space contains fewer dimensions (no rank parameter, no regularisation weight). The higher observed wall
times for the Diagonal pipeline are therefore an artefact of the less efficient training-loop implementation rather
than a fundamental property of the metric variant. A unified, optimised training loop would likely reverse this
ordering.
Distance matrix computation. The final production distance matrix (67 420 × 67 420) required 100 s for the

Diagonal metric and 335 s for the Low-rank metric (∼ 3.4×), confirming the expected quadratic scaling in feature
dimension d for the Low-rank variant. On the 15,002-cell subsample used during tuning, per-evaluation distance
matrix cost was approximately 4 s (Diagonal) versus 19 s (Low-rank).
Diagonal pipeline preemptions. The Diagonal pipeline was run with the gpupreempt QoS and required

multiple SLURM job submissions before all four phases completed. The Optuna study is backed by SQLite, so
interrupted jobs could be resumed without loss of completed trials. Job 1 completed Phases 1 and 2 but was
preempted at the wall-time limit before Phase 3 began. Job 2 loaded the cached Phase 1–2 results and completed
the remaining Phase 3 trials and Phase 4. The wall times in Table 7 reflect the actual execution times of each
phase.
Comparison with DGVM simulation cost. In practice, only one metric variant is needed; the recommended

Diagonal pipeline requires ∼ 14.5 GPU-hours for full tuning and training, or ∼ 2 GPU-hours for production training
alone when reusing previously tuned hyperparameters. A single LPJmL-FIT baseline simulation with 25 patch
replicates and 1 000-year spin-up requires ∼ 13 300 CPU-hours (≈ 237 kWh, ≈ e 290) and the 20-year transient
run ∼ 1 150 CPU-hours (≈ 20 kWh, ≈ e 25) on the PIK HPC cluster, using 2048 MPI tasks distributed across
16 Lenovo SD665 V3 compute nodes, each equipped with two AMD EPYC 9554 Genoa processors (64 cores per
socket, 128 cores per node, 3.1 GHz base clock) and 768 GiB of dual-ranked DDR5 memory (4800 MHz; ≈ 6 GiB
per core). Research configurations routinely employ 1000–10,000 patch replicates [5, 8], scaling these costs by
a factor of 40×–400×. The metric learning cost is thus negligible relative to even a single DGVM run and is
amortised across all subsequent cluster-based simulations at any K .

Appendix I: Geographic spread of the partition

For each cluster c with member latitudes {lati}i∈c and longitudes {loni}i∈c, the per-cluster geographic spread
is sc =

√
Var(latc) + Var(lonc) (degrees), and the global mean spread is the cluster-size-weighted average s̄ =∑

c(nc/n) sc; formal details are given in Supplementary Material Section S5, “Geographic Spread”. Low s̄ indicates
geographically compact clusters; high s̄ indicates geographically dispersed clusters.

The learned metrics retain substantial geographic spread at every K , because the LMNN objective loads sensi-
tivity onto the small number of features that discriminate KG zones; climatically similar but geographically distant
cells (e.g., temperate grasslands in Patagonia and central Asia) therefore continue to merge as K grows, whereas
a uniform Euclidean metric treats all 51 features equally and converges to geographically compact clusters once
the cluster budget is dense enough to resolve continental-scale spatial autocorrelation. This geographic-spread
gap is the direct cause of the soil- and micro-climate-variance gap reported in Fig. 3h, k, and of the Euclidean
reconstruction advantage above the crossover (K � 674, E � 100; Sect. 4.1).
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Fig. 7 Global mean geographic spread s̄ as a function of cluster count K for Euclidean, Diagonal, and Low-rank
clustering. All three methods decrease monotonically with K , but at very different rates: the Euclidean spread shrinks
from ∼87◦ at K = 7 to ∼3◦ at K = 21, 320, whereas the learned spreads decrease only from ∼80◦ to ∼20–40◦ over the
same range. The Euclidean curve crosses below both learned curves near K ≈ 674—the same cluster count at which the
reconstruction-accuracy ranking reverses (Fig. 4b)

Appendix J: Cluster allocation: KG boundaries versus biomass gradients

This appendix quantifies the extent to which reconstruction error is controlled by how the cluster budget is
distributed over the map—relative to the KG training signal on the one hand and to simulated biomass gradients
on the other. The conclusion is that the learned metrics concentrate cluster density at KG-zone boundaries whether
or not those coincide with biomass gradients, controlling the error at low-to-moderate K ; Euclidean clustering
allocates cluster density proportionally to biomass gradients and overtakes the learned metrics at high K exactly
where that property matters.

Appendix J.1: Allocation of clusters to KG boundaries and biomass gradients

The local cluster diversity d
(m,K)
i and the KG-boundary proximity bKG

i are defined in Sect. 2.8; formal equations
are in Supplementary Material Section S5. The complementary biomass-gradient reference field is:

• Biomass-gradient magnitude bBM
i : the standard deviation of time-mean baseline biomass over the 5×5

window, normalised by the global biomass standard deviation. High values identify cells in steep simulated
biomass transitions (tropical-forest edges, boreal–tundra ecotone, biome margins in general).

Applying the same quartile contrast as Eq. 8 to bBM yields BARBM(m, K), which probes alignment with what actu-
ally drives biomass errors rather than with the training signal. The misallocation gap ΔBAR(m, K) = BARKG(m,
K) − BARBM(m, K) is large and positive for a method that concentrates clusters at climatic borders that are not
biomass transitions.
Result: a sharp methodological dissociation. Figure 8 shows the three diagnostics across cluster counts

spanning four orders of magnitude (K ∈{7, 21, 30, 67, 213, 674, 2132, 6742, 21320}).
Three observations stand out. First, the learned metrics concentrate 2–3 times as much cluster density at KG-

zone boundaries as in zone interiors, peaking at BARKG ≈ 3.0 for Diagonal at K =67 and ≈ 2.8 for Low-rank at
K =30–67. This is a direct signature of the training signal: the LMNN objective shrinks within-zone distances and
stretches across-zone distances, so complete-linkage places the earliest clusters astride the KG borders. Euclidean
clustering has no such signal and shows a modest BARKG ≈ 1.4–1.6 throughout.

Second, the biomass-gradient allocation reverses the ranking. BARBM for Euclidean grows to ≈ 2.0 at K =
213–674 and stays above both learned metrics for all K ≥ 67. This too is predicted by the mechanism: because
KG borders only partially coincide with biomass gradients, a cluster budget aimed at KG borders undershoots the
biomass transitions and over-refines biomass-homogeneous borders.

Third, the misallocation gap ΔBAR is large and positive for the learned metrics at low-to-moderate K (+1.5
for Diagonal at K = 67, +1.1 for Low-rank at K = 30), weakly negative for Euclidean at moderate K (−0.3 to
−0.5 at K = 213–674), and contracts towards zero for all three methods at very high K once the cluster budget
saturates the map.
Two error regimes. At low-to-moderate K (K � 674), misallocation dominates: the large positive gap

(ΔBAR ≥ +1.1 for Diagonal and Low-rank) means that a substantial fraction of the cluster budget is spent
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Fig. 8 Where do clusters concentrate? Single-number-per-K diagnostics of cluster allocation, computed on a 5×5 window
(±1.0◦ half-width) around each land cell. a BARKG: ratio of mean local cluster diversity in the top 25 % of cells by KG-
boundary proximity bKG to the mean in the bottom 25 %. A value of 2–3 indicates that the method uses roughly 2–3 times
as many clusters per unit area near KG zone boundaries as in zone interiors. b BARBM: the same statistic using biomass-
gradient magnitude bBM as the reference field instead of KG boundaries. c Misallocation gap ΔBAR = BARKG − BARBM.
Positive values mean that the method spends more of its cluster budget on KG boundaries than on biomass transitions;
negative values mean the opposite. The dotted line at 1 in (a, b) and at 0 in (c) marks a spatially uniform allocation

on KG borders that are not biomass transitions. The learned metrics nonetheless outperform Euclidean, because
their much higher BARKG (2.4-−3.0 vs. 1.4-−1.6) provides the KG-aligned skeleton that the Euclidean parti-
tion is still missing at this scale; biome-level internal homogeneity gained from strong KG-boundary alignment
outweighs the misallocation penalty throughout this regime. At higher K (K � 674), this advantage disappears
and geographic compactness becomes the limiting factor. The performance reversal visible in Fig. 4b coincides
with the point where Euclidean’s mean geographic spread s̄ falls below that of both learned metrics (Fig. 7): as
both BARKG and BARBM approach unity, Euclidean’s compact clusters (s̄ ≈ 3◦ at K = 21, 320) guarantee that
soil, radiation, and local microclimate are nearly uniform within each cluster, so residual biomass heterogeneity
is attacked directly. The learned metrics, by contrast, retain clusters of 20–40◦ geographic spread, because their
narrow feature sensitivity (Fig. 3h, k) continues to merge climatically similar but geographically distant cells.
Consequently, learned-metric within-cluster soil variance stays 45×–90× larger than Euclidean’s at K = 6, 742
and K = 21, 320, and per-cell errors remain higher correspondingly.

Appendix K: Biomass reconstruction maps

See Figs. 9, 10, 11.
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Fig. 9 Spatial biomass distribution and percentage deviation for the Euclidean metric across all cluster counts except
K = 6742 (shown in Fig. 5). Left column: time-mean above- and belowground biomass [kgC m−2]. Right column: percentage
deviation from the cell-based baseline, capped at ±100 %
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Fig. 10 Spatial biomass distribution and percentage deviation for the Diagonal metric across all cluster counts except
K = 67 (shown in Fig. 5). Layout as in Fig. 9
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Fig. 11 Spatial biomass distribution and percentage deviation for the Low-rank metric across all cluster counts except
K = 674 (shown in Fig. 5). Layout as in Fig. 9
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Appendix L: Absolute biomass deviation maps

See Figs. 12, 13, 14.

Fig. 12 Absolute biomass
deviation for the Euclidean
metric across all cluster
counts except K = 6742
(shown in Fig. 5). Left
column: time-mean above-
and belowground biomass
[kgC m−2] from the
cell-based baseline. Right
column: absolute deviation
of reconstructed from
baseline biomass
[kgC m−2], capped at the
99th percentile.
High-biomass regions
(tropics, boreal forests)
dominate the absolute error
signal, because the same
fractional mismatch
translates into a larger
absolute penalty there
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Fig. 13 Absolute biomass deviation for the Diagonal metric across all cluster counts except K = 67 (shown in Fig. 5).
Layout as in Fig. 12
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Fig. 14 Absolute biomass deviation for the Low-rank metric across all cluster counts except K = 674 (shown in Fig. 5).
Layout as in Fig. 12
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Appendix M: Functional diversity maps

See Figs. 15, 16, 17, 18.

Fig. 15 Spatial distribution of reconstructed functional diversity (Rao’s Q) and percentage deviation for the Euclidean
metric at cluster counts K ∈ {67, 674, 6742}. Left column: time-mean Rao’s quadratic entropy Q . Right column: percentage
deviation from the cell-based baseline (Seed 1), capped at ±100 %
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Fig. 16 Spatial distribution of reconstructed functional diversity (Rao’s Q) and percentage deviation for the Diagonal
metric at cluster counts K ∈ {67, 674, 6742}. Layout as in Fig. 15
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Fig. 17 Spatial distribution of reconstructed functional diversity (Rao’s Q) and percentage deviation for the Low-rank
metric at cluster counts K ∈ {67, 674, 6742}. Layout as in Fig. 15

Fig. 18 Baseline functional diversity (Rao’s Q) and inter-seed deviation. Left: time-mean Rao’s Q from the cell-based
baseline simulation (Seed 1; 53 434 valid cells). Right: percentage deviation of an independent cell-based simulation with a
different random seed (Seed 2 minus Seed 1), quantifying the model-inherent stochastic noise floor
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11. B. Smith, D. Wårlind, A. Arneth et al., Implications of incorporating N cycling and N limitations on primary production
in an individual-based dynamic vegetation model. Biogeosciences 11(7), 2027–2054 (2014). https://doi.org/10.5194/bg-
11-2027-2014

12. P.R. Moorcroft, G.C. Hurtt, S.W. Pacala, A method for scaling vegetation dynamics: the Ecosystem Demography model
(ED). Ecol. Monogr. 71(4), 557–586 (2001). https://doi.org/10.2307/3100036

13. description and evaluation of an individual-based forest simulator, M. Longo, R.G. Knox, D.M. Medvigy, Ecosystem
demography model (ED v3.0). Geoscientific Model Development 12, 4309–4346 (2019). https://doi.org/10.5194/gmd-
12-4309-2019

14. C.D. Koven, R.G. Knox, R.A. Fisher et al., Benchmarking and parameter sensitivity of physiological and vegeta-
tion dynamics using the Functionally Assembled Terrestrial Ecosystem Simulator (FATES) at Barro Colorado Island.
Panama. Biogeosciences 17(11), 3017–3044 (2020). https://doi.org/10.5194/bg-17-3017-2020

15. R. Fischer, F. Bohn, M.D. Paula, Lessons learned from applying a forest gap model to understand ecosystem and carbon
dynamics of complex tropical forests. Ecol. Model. 326, 124–133 (2016). https://doi.org/10.1016/j.ecolmodel.2015.11
.018
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44. D. Müllner, Modern hierarchical, agglomerative clustering algorithms. arXiv preprint arXiv:1109.2378 (2011) https://
doi.org/10.48550/arXiv.1109.2378
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