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Abstract
This document is the Supplementary Information for TerraNova: A Foundation Model
for the Anthropocene. It contains the full methodological specification of the model and
training corpus (App. A), the complete forward and backward ablation programme (App. B),
extended results (App. C) and the computational-cost analysis (App. D). The main paper
and further resources are available at the project page: https://carlosrodriguezpardo.
es/projects/TerraNova/. Section, figure and table numbers cited as “main text” refer to
the main paper.

Appendix A. Full Methodological Specification

Part A. Formal setup
This Part fixes the notation used throughout this appendix (§A.1), states the multi-geometry
learning problem that motivates the entire architecture (§A.2), and defines the task taxonomy
over which the model is trained (§A.3). Readers familiar with the main text may skim §A.2 but
should note the embedding-dimension table (Table 1) and the radius-normalisation convention
(Eq. N), both of which recur in every subsequent section.

A.1 Notation

Vectors are columns; ⊙ is the Hadamard (element-wise) product; σ(·) is the logistic sigmoid;
v̂ = v/∥v∥2 is the ℓ2-normalised v; sg[·] is the stop-gradient operator (identity on the forward
pass, zero Jacobian on the backward pass); ⟨·⟩ denotes an empirical mean over a batch; and
Φ is the standard-normal CDF. Linear maps are written W• with biases absorbed unless
stated. LN is LayerNorm (Ba et al., 2016), GELU the Gaussian-error linear unit (Hendrycks
and Gimpel, 2016), and SiLU(x) = xσ(x).
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A convention used by every encoder is to rescale its output to a fixed ℓ2 radius,

Nd(v) :=
√
d

v

∥v∥2
, (N)

so that all embeddings live on a sphere of radius
√
d. Fixing the radius (rather than leaving

the norm free) keeps cosine similarities, residual gates, and cross-attention logits at a stable
scale across encoders of very different internal magnitude, and prevents any one modality
from dominating a fused representation simply by having a larger norm. The dimensions of
the production model are collected in Table 1.

Table 1: Production embedding dimensions. The run scales the selected components up
relative to those selected in the ablation study (ablation appendix).

symbol object dim source field

eℓ, s location / spatial bus 256 location.embedding_dim
ec country 64 arch.country_embedding_dim
τ time 32 arch.time_embedding_dim
zst spatiotemporal 256 spatiotemporal_fusion.output_dim
eτ task 256 arch.task_embedding_dim
c fused task·ST conditioning 512 task_st_fusion_output_dim
h hypernetwork hidden 512 hypernet_hidden_dim
H generated decoder hidden 32 one_layer_hidden_dim

A.2 Problem formulation

The defining difficulty of modelling the Anthropocene jointly is not a shortage of data but a
mismatch of geometry. Environmental processes are observed as continuous fields over the
surface of the Earth: temperature, precipitation, vegetation, emissions and soil moisture
vary smoothly over space with strong, multi-scale geographic dependence, and are naturally
indexed by coordinates. Human systems, by contrast, are observed through boundaries : GDP,
governance, health, inequality and institutional capacity are reported for countries and other
administrative units whose borders are historical and political, not physical. Italy is not a
coordinate, and a grid cell in the Alps is not an economy. Yet climate impacts occur locally
while many responses are organised nationally, so any model of climate–society interaction
must connect continuous geographic variation with discrete administrative structure.

TerraNova treats this as a multi-geometry representation-learning problem rather than
collapsing one geometry into the other. Formally, a query is a triple q = (τ, u, t) in which τ
indexes a prediction task, t is time (a calendar year, optionally refined to month/day), and u
is a geometry-dependent spatial argument:

• a coordinate u = x = (λ, ϕ) ∈ [−180, 180)× [−90, 90] (longitude, latitude in degrees)
for a gridded task ;

• an administrative unit u = c ∈ {1, . . . , nc} (an ISO3 country code) for a country task.
The model is a single map

fθ : (τ, u, t) 7−→ (µ, ν, α, β) ∈ R× R>0 × R>1 × R>0, (1)
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returning the four hyperparameters of a Normal–Inverse–Gamma (NIG) predictive distribu-
tion over the standardised target y (Part C). Two consequences of the z-scoring (§A.14) are
worth stating now, because they are exploited repeatedly downstream: the marginal target
variance is ≈ 1, and a predictive standard deviation beyond a few units is therefore a priori
implausible, a fact the evidential head and loss use to make the aleatoric/epistemic split
well-posed (§A.7.2, §A.8).

Design rationale. The two standard ways to force these geometries together are both
imperfect. Averaging fields to country level (the route taken by most economic models)
discards within-country exposure patterns: precisely the local structure that determines who
is affected. Gridding socioeconomic variables may assume a spatial precision that was never
observed and treats a national aggregate as if it were a measurement at every cell. Either
way the coupling between local environment and national institutions is at some level lost
before learning begins. TerraNova instead keeps each native geometry and learns a shared
latent space in which a location inside a country and that country are representationally
adjacent(§A.9.3); knowledge then transfers across geometries through the representation
rather than through a lossy coordinate transform. This is a central premise of the model
and the reason every component below is built to operate on a common 256-dimensional
latent vector regardless of input geometry.

A.3 Task taxonomy

The model is trained on T = 1,024 reconstruction tasks: 512 gridded fields (§A.11) and 512
country variables (§A.12): each a regression target predicted from its native geometry and
supervised by the evidential loss of §A.8. Beyond reconstruction, three families of auxiliary
objectives shape the shared representation without themselves being prediction targets:

(i) temporal transport (§A.9.1), which regularises the temporal geometry so that moving a
query in time is a smooth, composable operation;

(ii) external geospatial alignment (§A.9.2), which couples the spatiotemporal representation
to pretrained satellite/ground-image embedding spaces; and

(iii) internal country–location alignment (§A.9.3), which is the mechanism that makes the
two native geometries mutually informative.

A single backbone serves every task and objective. The only input-dependent routing is
the spatial-input geometry (Eq. 7) and the task embedding (§A.4.6); the encoders, fusion,
decoder and head are shared. Each optimiser step draws exactly one task/objective from
a fixed mixed schedule (§A.17), so the total objective (Eq. 35) is optimised in expectation.
Table 2 summarises the five step families and their roles.

Part B. Model architecture
The architecture is a composition of specialised encoders (§A.4), two cross-modal fusion blocks
(§A.6), and a task-conditioned decoder with an evidential head (§A.7), with embedding dropout,
applied at every representation boundary (§A.5) shared across all three. The guiding principle
is that each input modality is processed by an encoder matched to its geometry and then
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Table 2: The five training step families. “Geometry” is the spatial input used; “supervision”
is the loss; “#/epoch” is the per-epoch step count (§A.17).

family geometry supervision #/epoch

reconstruction coordinate / country evidential NIG (27) 32768
transport coordinate / country NIG + latent consistency (32) 512
geo_alignment coordinate sampled-negative InfoNCE (33) 256
country_alignment country↔ coords sampled-negative InfoNCE (34) 256
country_consistency country↔ coords MSE (disabled, w=0) 0

projected onto a common 256-dimensional bus (this number is significantly lower than any
domain’s dimensionality, thus making Terranova’s representations a compression of the Earth
System) on which a uniform set of fusion and decoding operations acts regardless of where the
query came from. The forward pass is the three-stage pipeline encode → fuse → decode of
Algorithm 1, with the dataflow of Figure 1. Throughout this Part we give the exact operations,
the tensor shapes, the initialisation that matters for training stability, and the study that
selected each block.

Task enc.
τ→eτ ∈R256

Location enc.
x→eℓ∈R256

Country enc.
c→ec∈R64

Time enc.
t→τ ∈R32

geometry
router

one route / query

ST fusion
zst∈R256

task·ST fusion
c∈R512

hypernetwork
c→θ

hyper-decoder
apply θ to zst

NIG head
(µ, ν, α, β)

coord.

Pc→ℓ

s

τ

zst

eτ

c

θ

zst

Figure 1: Model dataflow. Modality-specific encoders (left column, task on top) map each
input to the shared bus. Because every task is purely gridded or purely country-level, the
geometry router selects exactly one spatial route per query (the location embedding eℓ for a
coordinate, or the country embedding projected into the location space, N(Pc→ℓec), for a
country) producing the shared 256-D bus s (the additive hybrid route exists in code but is
unused). ST fusion folds time τ into s to give the spatiotemporal embedding zst; task·ST
fusion conditions it on the task to give c; the hypernetwork turns c into the weights θ of a
small decoder, and that generated decoder is applied to zst to emit the four NIG parameters.

A.4 Encoders

TerraNova reads four heterogeneous inputs: a year, a coordinate, a country identifier, and a
task identifier, and maps each through a dedicated encoder to a unit-norm embedding on
the sphere of radius

√
d (Eq. N). Figure 2 shows the four encoders as per-module dataflows;

the remainder of this section specifies each in turn.
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a   Time encoder

year YYYY
(month, day

optional)
normalisēt∈ [0, 1]

Fourier features
[sin , cos](2π ̄tfk)

log-spaced fk
residual MLP

(GELU) L2-norm htime
∈ℝ32

b   Country encoder

country id
(ISO-3;  OCN

for ocean cells)
embedding

lookup
residual MLP

(GELU) L2-norm hctry
∈ℝ64

c   Task encoder

task id
(t2m, tp,
GDP, ...)

embedding
lookup L2-norm htask

∈ℝ256
embedding-only:
the identity of the
variable to predict

d   Location encoder  (WIRE × hash, gated)

(λ,ϕ)

WrapNorm
gWN∈ℝ5

(seam-free lift)

WIRE MLP
(real Gabor,

band-pass ω0)

hash grid
L=16, F=4

→64-D
MLP

gated fuse
gw+(1−g)h

g∈ [0.15, 0.85]
L2-norm hloc

∈ℝ256

WIRE branch: smooth global field

hash branch: high-frequency local detail

training only: embedding dropout (p=0.1)
before every L2-norm (direction-only)

Figure 2: The four input encoders as per-module dataflows. The time encoder normalises
the year, applies a log-spaced Fourier feature map (Eq. 8) and a residual MLP. The country
and task encoders are embedding lookups (the country encoder adds a residual MLP; the
synthetic ocean country OCN of §A.15 is registered dynamically by the samplers). The
location encoder runs two complementary branches in parallel: a seam-free WrapNorm
lift feeding a WIRE U-Net (smooth, low-frequency structure) and a multi-resolution hash
grid (sharp, high-frequency detail); and blends them per latent dimension with a learned
gate (Eq. 5). Every encoder ends in an L2 normalisation onto the radius-

√
d sphere; during

training, embedding dropout (pe=0.15) is applied to each output before that normalisation,
regularising the embedding’s direction rather than its scale (§A.5).
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Algorithm 1 TerraNova forward pass fθ(τ, u, t) (single query; batched in practice)

Require: task id τ , spatial arg u (coordinate x or country c), time t
1: // Encode (independent, parallel)
2: τ ← N32(TimeEnc(t)) ∈ R32; eτ ← N256(Eτ [τ ]) ∈ R256 ▷ Eqs. 8,11
3: if u is a coordinate x then
4: eℓ ← LocationEnc(x) ∈ R256; s← eℓ ▷ Eq. 5
5: else if u is a country c then
6: ec ← CountryEnc(c) ∈ R64; s← N256(Pc→ℓec) ∈ R256 ▷ Eqs. 6,7
7: // Fuse
8: s′ ←Wss; zst ← N256

(
s′ + g δ(s′, τ )

)
∈ R256 ▷ spatial queries time, Eq. 15

9: c← TaskSTFusion(zst, eτ ) ∈ R512 ▷ ST queries task, Eq. 16
10: // Decode
11: h← GELU(Whc+ bh) ∈ R512 ▷ hypernetwork core
12: (W1, b1,W2, b2)← row-normalised generator heads on h ▷ Eq. 17
13: a←

(
GELU(z⊤stW1 + b1)

)
W2 + b2 ∈ R4 ▷ Eq. 18

14: return (µ, ν, α, β)← NIGactivate(a) ▷ Eqs. 19,20

A.4.1 Location encoder: gated WIRE U-Net × hash grid

The location encoder is the hybrid HybridWireHash, by a wide margin the largest of the
four encoders at 50.2 million parameters and the one the ablation study treated as most
consequential. Its input is the raw coordinate x = (λ, ϕ) in degrees and its output is the
location embedding eℓ ∈ R256. The design problem it solves is that a single coordinate network
cannot be simultaneously good at the two regimes Earth-system fields present: smooth fields
(temperature, pressure) whose spatial spectrum is concentrated at low frequencies, and
sparse fields (population density, built surface, burned area) whose spectrum has heavy
high-frequency content and sharp discontinuities at coastlines and city edges. A network
biased toward smoothness blurs the latter; a network with enough local capacity for the latter
injects noise into the former. HybridWireHash resolves this by running two complementary
encodings of the same coordinate in parallel: a continuous implicit branch with a controllable,
smoothness-favouring spectral prior, and a lookup branch with a local, high-capacity prior;
nd blending them per latent dimension with a learned gate, so that each of the 256 output
dimensions is supplied by whichever branch carries the structure that dimension needs. The
two branches, the gate, and the coordinate preprocessing they share are described in turn
below; Table 3 summarises the sub-blocks and their roles.

Coordinate preprocessing (WrapNorm). Raw degrees are first lifted to a discontinuity-
free 5-dimensional spherical feature,

gWN(λ, ϕ) =
(
cosϕ cosλ, cosϕ sinλ, sinϕ, cosϕ cos(λ+π

2 ), cosϕ sin(λ+π
2 )
)
∈ R5. (2)

The first three components (cosϕ cosλ, cosϕ sinλ, sinϕ) are exactly the Cartesian unit vector
of the point on the sphere, so they encode position continuously and isometrically (Euclidean
distance in this 3-D embedding is a monotone function of great-circle distance) and are
automatically periodic in longitude and bounded in latitude. The last two repeat the
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Table 3: Sub-blocks of the location encoder (HybridWireHash). The continuous and lookup
branches each output R256 and are blended by the per-dimension gate.

sub-block operation role

WrapNorm lift (λ, ϕ)→R5 (Eq. 2) seam-free spherical features
WIRE U-Net R5→R256, Gabor activations (Eq. 3) smooth / low-frequency structure
hash grid (λ, ϕ)→R64 multi-res. lookup (Eq. 4) sharp / high-frequency detail
hash decoder R64→R256, GELU/LN residual MLP decode dense hash features
gate + combine per-dim blend (Eq. 5) route each dim to a branch

longitude encoding with a π
2 phase shift; because cos(λ+π

2 ) = − sinλ and sin(λ+π
2 ) = cosλ,

they are, up to sign, linear functions of the first pair (Fig. 3), a redundant, symmetric
parameterisation of longitude rather than new information, which we retain so that the
WIRE branch’s first nonlinearity reads a balanced pair of phases. The periodic cos / sin
lift is moreover seam-free at the ±180◦ antimeridian, where a naive longitude/180 scaling
would give geographic neighbours nearly opposite codes. The lift is fixed (non-learnable,
with no parameters) and is shared by the WIRE branch only; the hash branch (§A.4.1,
“lookup branch”) consumes the raw degrees directly. Feeding a smooth, seam-free, bounded
function of position into the WIRE branch is what lets that branch’s smoothness prior act
on geographic structure rather than on artefacts of the coordinate parameterisation (Fig. 3).

Figure 3: The WrapNorm features (Eq. 2). The first three components (gWN,1, gWN,2, gWN,3)
are the Cartesian unit vector of the surface point and are shown here; the remaining two
repeat the longitude encoding with a π/2 phase shift and, because cos(λ+π

2 ) = − sinλ and
sin(λ+π

2 ) = cosλ, equal −gWN,2 and gWN,1 exactly, identical maps up to sign, so they are
omitted to avoid redundancy (they guarantee a non-degenerate longitude derivative without
adding new information). All are smooth and seam-free across the ±180◦ antimeridian,
whereas a naive longitude/180 scaling (bottom right) is discontinuous there: geographic
neighbours astride the antimeridian would otherwise receive nearly opposite codes.

Continuous branch (WIRE U-Net). The smooth branch is a U-shaped multilayer
perceptron with hidden widths [512, 1024, 2048, 4096, 2048, 1024, 512]. The widths expand
then contract around the central 4096-unit layer, giving the branch the multiscale structure
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of a U-Net: the early (narrow-to-wide) layers lift the coordinate feature into a progressively
richer description of position, and the later (wide-to-narrow) layers compress it back to the
output width. Symmetric skip connections join encoder- and decoder-side layers of equal
width as pre-activation residual additions, so gradients reach the early layers directly and the
expanding side can reuse the contracting side’s features at matched resolution (Ronneberger
et al., 2015; He et al., 2016b); this multiscale structure is what lets a single coordinate
network represent both planetary-scale gradients and regional structure. Every unit uses the
real Gabor wavelet activation (Saragadam et al., 2023)

σWIRE(z) = exp
(
− 1

2s
2
0z

2
)
cos(ω0z), ω0 = 10, s0 = 10, ωfirst

0 = 30, (3)

mapping gWN(x) 7→ hwire ∈ R256. The two constants have distinct roles: ω0 is the carrier
frequency that sets how fast each unit oscillates, and s0 is the inverse envelope width that
sets how tightly the Gaussian exp(−1

2s
2
0z

2) localises that oscillation. A Gabor wavelet is
jointly compact in space and frequency (it saturates the uncertainty bound between the two),
so each unit is a tunable band-pass detector: this is precisely the representation needed for
fields that are smooth almost everywhere but carry localised structure, and it is the reason
WIRE encodes high-frequency content with better conditioning than a pure-sine SIREN,
whose units are global, so a single frequency scale ω0 governs the whole field (Sitzmann et al.,
2020; Saragadam et al., 2023). The first layer uses a higher carrier (ωfirst

0 = 30) so the network
injects high-frequency content immediately, while the recurrent layers use ω0 = 10 to refine
it. Weights follow the SIREN initialisation philosophy (Sitzmann et al., 2020), adapted to
the Gabor carrier: the first layer is drawn uniformly in [−1/din, 1/din] to keep pre-activations
in the active (non-saturated) Gabor regime, and hidden layers in [−

√
6/din/ω0,

√
6/din/ω0]

so that the pre-activation variance is preserved with depth and the network neither collapses
to a constant nor explodes. This branch alone is a competitive coordinate encoder; hybrid
uses it for the dimensions where smoothness is the right prior.

−0.4 −0.2 0.0 0.2 0.4
pre-activation z

−1.0

−0.5

0.0

0.5

1.0

σ W
IR
E(
z)

Gaussian envelope e−
1
2s

2
0z2

Real Gabor wavelet activation: a tunable band-pass detector

ω0=10 (hidden) ω0=30 (first layer)

Figure 4: The real Gabor wavelet activation (Eq. 3), σWIRE(z) = e−
1
2
s20z

2
cos(ω0z), shown

for the recurrent carrier ω0=10 and the higher first-layer carrier ω0=30. The Gaussian
envelope localises the oscillation, making each unit a tunable band-pass detector that is
jointly compact in space and frequency.
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Lookup branch (multi-resolution hash grid). The high-frequency branch follows the
multi-resolution hash encoding of Müller et al. (2022), with our settings L = 16 resolution
levels, each with a hash table of 216 rows storing F = 4 trainable features, with geometric
per-level resolutions

Nℓ =
⌊
Nmin b

ℓ
⌋
, b =

(
Nmax/Nmin

)1/(L−1)
, Nmin = 16, Nmax = 1024, ℓ = 0, . . . , L−1.

(4)
At each level ℓ the coordinate is mapped to a regular grid of resolution Nℓ; the integer corners
of the enclosing cell are mapped to table rows by a spatial hash, and the level’s contribution
is the bilinear interpolation of the four corner feature vectors by the coordinate’s fractional
position within the cell. Hashing (rather than a dense grid) is what makes the high-resolution
levels affordable: a dense grid at Nmax = 1024 would need ∼ 106 cells per level, whereas each
hash table is fixed at 216 = 65,536 rows. At coarse levels (N2

ℓ ≤ 216) the map is collision-free
and the level behaves like a true dense grid; at fine levels distinct cells inevitably collide
into the same row, but the collisions are not resolved at lookup: they are left for training to
disambiguate, because the gradients of colliding entries average, and the samples that matter
most to the reconstruction dominate that average, and the other (non-colliding) levels provide
the context that separates them. The L = 16 levels are geometrically spaced (Eq. 4) so that,
taken together, the concatenated LF = 64-D feature is an explicitly multi-scale description
of the neighbourhood of the query, from Nmin = 16 (continental) to Nmax = 1024 (roughly
0.18◦, sub-regional). Because each level’s lookup is local and the levels alias independently,
the branch can represent sharp, locally discontinuous structure with no smoothness penalty:
the regime in which sparse socioeconomic rasters (population, built surface, impervious area)
live, and the regime the WIRE branch handles poorly (Fig. 5).

coarse level Nℓ=16 (square cells on the globe)

fine level Nℓ=1024

L=16 levels: hash enclosing cell →  F=4 features

coarse table

fine table

concat
LF=64-D

residual
MLP hhash

Multi-resolution hash encoding over the globe: hash the enclosing cell at each level, interpolate, concatenate, decode

Figure 5: Multi-resolution hash encoding (Eq. 4). The query coordinate (star) falls inside
one cell at each of L=16 geometrically spaced resolutions; two are shown, a coarse level
(Nℓ=16) and a fine level (Nℓ=1024), as square graticule cells on the globe. The enclosing cell
is mapped to a hash-table row, the four corners are bilinearly interpolated, and the per-level
F=4 features are concatenated into an LF=64-D vector and decoded by a residual MLP
into hhash.
Hash decoder. The 64-D multi-resolution feature is a dense learned vector, so it is
decoded by a conventional network rather than a coordinate network: a four-block pre-
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norm residual MLP of width 256 with GELU activations and LayerNorm (He et al., 2016a;
Ba et al., 2016; Hendrycks and Gimpel, 2016), with an orthogonally initialised output
projection, producing hhash ∈ R256. Using a residual MLP here (and not a second WIRE) is
deliberate: SIREN/WIRE activations are tuned to map raw low-dimensional coordinates to
high-frequency outputs, whereas the hash features are already high-frequency and merely
need a smooth nonlinear read-out, for which GELU/LayerNorm residual blocks are better-
conditioned.

Per-dimension gate. The two branches are blended by a learnable per-dimension gate
αg ∈ R256 (initialised to 1.386, so σ(1.386) ≈ 0.8, biasing the blend toward the smooth
branch at the start of training):

g = clamp
(
σ(αg), 0.15, 0.85

)
, eℓ = N256

(
Wcomb

(
g ⊙ hwire + (1− g)⊙ hhash

))
, (5)

with Wcomb identity-initialised so the module starts as a plain convex blend and learns a
final linear remixing on top. The gate is per-dimension rather than a single scalar because
the two priors are not uniformly better or worse: a smooth field wants nearly all of its 256
dimensions from the WIRE branch, a sparse raster wants many from the hash branch, and
most fields want a mixture: a scalar gate could not express this, whereas 256 independent
gates let the encoder dedicate different latent dimensions to different spectral regimes and
serve all tasks from one shared embedding. The sigmoid constrains each gate to (0, 1) so
the blend is always a convex combination (no dimension can be amplified beyond the two
branches’ range), and the bias initialisation αg = 1.386 (σ ≈ 0.8) starts the encoder at
80% WIRE, reflecting the prior that most Earth-system fields are smoother than they are
sparse and giving the high-capacity hash branch a gentle entry. The clamp to [0.15, 0.85]
keeps both branches gradient-alive throughout training (a fully closed gate would strand a
branch’s parameters with zero gradient and prevent recovery). After training the gate is also
a diagnostic: the per-dimension mean ⟨g⟩ measures how much of the final embedding the
continuous branch contributes, and its spread measures how specialised the dimensions are.
The continuous branch ends up carrying the smooth, globally organised zonal gradients while
the hash branch carries the sparse, high-frequency local detail, and the gated combination
inherits both.
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Design rationale. The ablation study isolates the location encoder on a 51-field WorldTensor
reconstruction benchmark and frames the central tension precisely: the spatial pathway
must reconstruct fields whose spatial irregularity spans several orders of magnitude, from
zonally smooth sea-level pressure to sparse high-frequency rasters such as population density
and wildfire area. The two families of coordinate encoders in the literature sit at opposite
ends of this spectrum. Continuous implicit representations like SIREN (Sitzmann et al.,
2020), WIRE (Saragadam et al., 2023), Fourier-feature networks (Tancik et al., 2020),
or spherical harmonics (Rußwurm et al., 2024) fix their bandwidth a priori through the
frequency parameterisation rather than adapting it locally, so one global setting either
blurs sharp detail or injects noise into smooth fields. Lookup encodings (Müller et al.,
2022) impose a local, high-capacity prior that excels on discontinuities but leaks noise on
smooth targets. The study’s key finding is that this trade-off is architecturally mixable:
a symmetric, identity-initialised gate over LayerNormed sub-embeddings learns to route
each latent dimension to the branch whose inductive bias fits the signal it carries, and the
resulting hybrid strictly outperforms both named parents on the majority of fields while
sitting on the parameter–accuracy Pareto frontier. We adopt the concrete WIRE×Hash-L
pairing and biases the initial gate toward the continuous branch, following the assumption
that most fields are smoother than they are sparse.

A.4.2 Country encoder

A country code carries no geometric structure to exploit, so the country encoder is a
learned table followed by a small nonlinear refinement. The table Ec ∈ Rnc×64 is initialised
∼ N (0, 0.022) with extra reserved rows so that new countries can be registered without
reallocating the parameter (which would otherwise break optimiser state); a residual MLP
Rψ of four pre-norm residual blocks (width 256, SiLU, LayerNorm) then refines the lookup:

ec = N64

(
Rψ(Ec[c])

)
∈ R64. (6)

Design rationale. The ablation study reframes the country encoder away from the expressivity
question that governs the location encoder and toward representational sufficiency : how
much embedding capacity is needed to encode heterogeneous national attributes, and
whether a learned nonlinearity helps beyond a bare table. We use the table-plus-residual-
MLP form; the 64-D width is the operating point inside the saturating regime, chosen
to enable compressed latents, and to balance the country pathway against the much
higher-capacity spatial bus rather than to maximise country reconstruction in isolation.

A.4.3 Geometry routing: the shared spatial embedding

Every query, of either geometry, enters the temporal and decoding stack through a single
256-dimensional spatial embedding s. tasks are purely one geometry or the other: a task is
either gridded (a coordinate x) or country-level (a country id c), never both, so s is formed
by selecting a route, not by combining the two encoders. The country vector is lifted to the
location dimension by Pc→ℓ : R64→R256, implemented in the model as a two-layer projector

R64 Linear−−−−→ R256 LN+SiLU+dropout−−−−−−−−−−−−→ R256 Linear+LN−−−−−−−→ R256,
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and the query geometry selects which branch defines the bus:

s =

{
eℓ, coordinate task,

N256

(
Pc→ℓ(ec)

)
, country task.

(7)

Routing rather than mixing is what lets a single temporal-fusion and decoding stack serve
both native geometries: whichever branch is active, everything downstream sees one 256-D
vector on a common bus and behaves identically for gridded and country queries. The
country branch is the one projected (the location embedding already defines the bus at its
native width), so the country signal is mapped into the spatial space rather than reshaping
it. The code additionally exposes an additive hybrid route N256(eℓ+Pc→ℓec) for queries that
carry both a coordinate and a containing country, but no reconstruction task is hybrid, so
this path is never exercised in the runs reported here.

A.4.4 Time encoder

Time enters as a Fourier-feature lift followed by a residual MLP. The year is normalised
to [0, 1] via t̄ = (t − tmin)/(tmax − tmin) with tmin = 1900, tmax = 2035, and lifted with
K = 32 log-spaced frequencies fk ∈ [1,K/2] and a learnable scalar scale s (Tancik et al.,
2020; Mildenhall et al., 2022):

γ(t) =
[
sin(2π t̄ s fk), cos(2π t̄ s fk)

]K
k=1
∈ R64, τ = N32

(
MLPres(γ(t))

)
∈ R32. (8)

MLPres is a width-256 linear lift, four residual blocks, and a linear head. The log-spaced
frequencies give the lift sensitivity to both decadal trends (low fk) and year-to-year structure
(high fk); s lets the model learn the overall temporal bandwidth. The encoder also supports
optional zero-mean cyclic month/day features, which are disabled in the annual configuration.
Design rationale. The ablation study analyses the temporal encoder under a deliberately
tight 8-dimensional bottleneck across 15 variables spanning smooth long-term trends and
episodic series (e.g. burned area). Eight families are compared, from a raw-scalar projection
to RBF bases and gated Fourier/RBF hybrids. The Fourier basis followed by a small
residual MLP is the winner on both fit quality and temporal-dynamics fidelity: the explicit
oscillatory basis organises long-term structure cleanly, while the residual MLP supplies
the nonlinear refinement that basis selection alone cannot: a raw scalar is too weak, and
localised RBF encoders behave like high-capacity lookups that do not generalise across
heterogeneous temporal regimes. Notably, hybridising the bases did not help here, in
contrast to the location encoder, indicating that the temporal signal is well captured by a
single smooth basis plus a small correction.

A.4.5 Temporal transport operator

A learned operator T (τ ,∆) advances a time embedding by a signed offset ∆ (in years); it
is used by the transport objective (§A.9.1) and is the only module that explicitly models
temporal evolution in latent space. The offset is normalised ∆̄ = clamp(∆/∆max,−1, 1),
∆max = 4, and encoded by a gated combination of a signed-Fourier basis γ∆ and a signed-RBF
basis ρ∆ (centres on [−1, 1]):

h∆ = σ(α∆)⊙WF γ∆(∆̄) +
(
1− σ(α∆)

)
⊙WR ρ∆(∆̄), ρ∆,k(∆̄) = e−

1
2
((∆̄−ck)/ς)2 , (9)
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Figure 6: Three components of the log-spaced Fourier temporal basis (Eq. 8) over the calendar
range [1900, 2035]. Low frequencies carry decadal trend; high frequencies carry year-to-year
structure. The learnable scale s lets the model choose the overall temporal bandwidth, and
the residual MLP supplies the nonlinear refinement the basis alone cannot.

with ς learnable (init 0.15). Transport then applies a gated residual update to the reference
embedding (the gate gT = σ(r) is initialised at r = −2, σ(r) ≈ 0.12, so T starts as a small,
near-identity perturbation), without output renormalisation:

T (τ ,∆) = τ + gT ⊙ Trunk
(
act
(
LN(Wrefτ + h∆)

))
. (10)

Output renormalisation is deliberately omitted here so that the identity (∆ = 0) and
semigroup constraints (§A.9.1) are exactly, not approximately, satisfiable.

Design rationale. In the ablation study, we ask whether an explicit temporal operator is still
useful once strong time and location encoders exist, or whether direct prediction already
suffices. Five formulations are compared, from “direct-only” (no transport) to “transport +
full consistency” (predictive supervision, latent matching, an identity constraint at zero shift,
and semigroup consistency). The clean but non-trivial result is that the best overall held-out
model and the best explicit transported rollout are different configurations: matching-
plus-identity yields the sharpest rollout, but full consistency yields the strongest overall
model and the smoothest, most predictable time-embedding geometry, because semigroup
consistency regularises the operator globally even where it does not improve the rollout path.
The key negative result is equally important: predictive supervision alone does not beat
the no-transport baseline, so transport helps only when constrained by latent-consistency
objectives.

A.4.6 Task encoder

Task identity is a pure lookup, Eτ ∈ RNτ×256 (entries ∼ N (0, 0.022), with reserved rows for
dynamic task registration):

eτ = N256

(
Eτ [τ ]

)
∈ R256. (11)
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Figure 7: The transport offset basis (Eq. 9): a learnable gated combination of a signed-Fourier
basis (smooth, global in the offset) and a signed-RBF basis (localised bumps at centres on
[−1, 1]). Encoding the signed normalised offset ∆̄ = ∆/∆max symmetrically lets one operator
advance and rewind the time embedding, which is what makes the identity and semigroup
constraints (§A.9.1) expressible.

Design rationale. In the ablation study, we compare an embedding-only task encoder
against an embedding-plus-residual-MLP variant and finds the extra nonlinearity pro-
vides no benefit once task identity conditions the decoder through the hypernetwork; the
embedding-only form is selected as the simpler model with equal performance. The ex-
pressive task→prediction mapping is deliberately concentrated in the task·ST fusion and
the hypernetwork (§A.6.2, §A.7), where it can interact with spatial and temporal context,
rather than being spent transforming a context-free task identifier. Note that we choose the
task embedding size to be lower to the total number of training tasks, thereby encouraging
compression and information transfer.

A.5 Embedding dropout and regularisation

Our model uses two distinct dropout mechanisms. Ordinary internal dropout (Srivastava
et al., 2014) (pgen = 0.15, from arch.general_dropout) appears inside MLPs, attention blocks,
and projector layers. Separately, the data.embedding_dropout=0.15 knob applies dropout at
representation boundaries, after an encoder or fusion block has produced an embedding but
before the final fixed-radius normalisation:

Dp(v) =
m⊙ v

1− p
, mj ∼ Bernoulli(1− p), p = 0.1, ṽ = Nd

(
Dp(v)

)
. (12)

This is applied during training to the location, time, task, and country encoder outputs and
to the spatiotemporal fusion output zst (§A.6.1, specified next). For these radius-normalised
modules, dropout changes the direction of the embedding while the subsequent Nd restores
the radius

√
d, so the regulariser discourages reliance on single latent coordinates without

making attention logits or cosine losses fluctuate simply because the embedding norm changed.
The same knob is wired to the original task-time fusion when that block is enabled; in the
evidential model the original task-time block is disabled and replaced by Task·ST fusion
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(§A.6.2). Temporal transport also receives the knob, but it is configured without output
renormalisation (§A.4.5), so transported-time dropout masks the transported embedding
directly during training and is absent at evaluation.
Design rationale. The fixed-radius convention (Eq. N) makes encoder outputs comparable
across modalities, but it would be undermined by post-normal dropout, which changes the
norm seen by every downstream dot product. Applying dropout before radius restoration
keeps the training-time scale convention intact while forcing the model to distribute spatial,
temporal, country, and task information across multiple latent dimensions. This matters
especially because the decoder is hypernetwork-conditioned: without boundary-level dropout,
a task could over-specialise a small subset of embedding coordinates that the generated
readout then amplifies.

A.6 Cross-modal fusion

The encoder outputs are combined and decoded by the model’s prediction head, shown
end-to-end in Fig. 8: two cross-modal fusions produce the conditioning vector, a one-layer
hypernetwork (§A.7.1) turns it into decoder weights, and the resulting decoder maps the
spatiotemporal embedding to the evidential output (§A.7). This section specifies the two
fusion blocks; the decoder and head follow in §A.7.

Both fusion blocks are cross-modal Transformers (Vaswani et al., 2017) in which one
modality, treated as a single-token query, attends to another, treated as key/value memory.
Suppressing the batch axis, q,m ∈ R1×w. We write multi-head attention as Attn(q,m,m) =
W o[Attn1; . . . ; AttnH ], where, for head h of dimension dh = w/H,

Attnh(q,m) = softmax

(
(qW q

h)(mW k
h )

⊤
√
dh

)
(mW v

h ). (13)

The length-one memory makes the softmax in Eq. (13) identically one. Thus these blocks
do not use attention to select among tokens: each head learns a value subspace in which
to inject the memory, while the query survives through the residual path. The subsequent
feed-forward network acts on their sum, so stacking blocks repeatedly alternates cross-modal
value injection with nonlinear joint refinement. Attention direction still matters because
it determines which modality is the persistent residual state and which is the repeatedly
injected memory. The two stacks additionally differ in depth, normalisation placement, and
residual gating, as detailed below.

A.6.1 Spatiotemporal fusion (Tr-A, post-norm, α-gated residual)

Here a projected spatial token queries the time token. Width w = 1024, 16 heads, depth
Dst = 8. The spatial embedding is first projected onto the bus, s′ = Wss ∈ R256; the
cross-modal stack runs in the width-1024 space, q0 = Wqs

′, kv = Wkvτ , with each of the
Dst post-norm blocks

q← LN
(
q+Attn(q,kv,kv)

)
, q← LN

(
q+ FFN(q)

)
. (14)

Here q0,kv ∈ RB×1×1024 and FFN(z) = W2 SiLU(W1z) with W1 : R1024 → R4096 and
W2 :R4096→R1024. The implementation applies dropout on the attention and feed-forward
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ST cross-attention
Tr-A: width 1024, depth 8, 16 heads

α-gated residual    g=0.05+0.9σ(α)
+ embedding dropout, L2-norm

zst∈ℝ256

task×ST cross-attention
width 1024, depth 16

c∈ℝ512    (conditioning)

hypernetwork (1 layer)
emits decoder weights θ

hyper-decoder
apply θ to zst

NIG head
μ;    ν, α>1, β
(softplus + caps)
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TerraNova prediction head: fusion →  hypernetwork →  evidential output

Figure 8: The TerraNova prediction dataflow. The spatiotemporal fusion (§A.6.1) cross-
attends the time and location tokens and applies an α-gated residual to produce zst ∈ R256

(with embedding dropout before its normalisation, §A.5). The task·ST fusion (§A.6.2)
conditions on the task token to produce c ∈ R512, from which a one-layer hypernetwork
emits the decoder weights θ. The decoder then applies θ to zst (passed in by a skip, left
rail) and the Normal–Inverse–Gamma head reads out (µ, ν, α, β), giving the predictive mean
together with aleatoric and epistemic uncertainty (§A.7.3).
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residual branches (omitted from Eq. 14 for readability). A zero-initialised head produces
the temporal modulation δ = WoqDst ∈ R256, which is combined with the spatial embedding
through a scalar α-gated residual (α init −1.1, giving gate g ≈ 0.275, so the block starts as
a small perturbation of the spatial path):

g = 0.05 + 0.9σ(α), zst = N256

(
s′ + g δ

)
. (15)

Design rationale. In the ablation study, we compare 48 variants: (concatenation-MLP, three
FiLM forms, gated FiLM, residual gates, four attention directions, joint self-attention, and
two transformer families) are swept over hidden width and depth on a benchmark that
combines gridded held-out years and 150 time-varying country variables. Three conclusions
drive the choice. First and obviously, explicit spatiotemporal fusion is necessary: a spatial-
only baseline reconstructs static structure but fails on held-out country years. Second, the
direction of interaction matters: letting the spatial state query time and inject temporal
information as conditioning memory is consistently useful, whereas the reverse direction
(time querying space, then reconstructing) is nearly indistinguishable from the spatial-only
baseline. Third, and most importantly, the best mechanism is a repeated cross-modal
transformer rather than a single modulation: FiLM, gated FiLM, residual gates and concat-
MLPs all behave like single-step corrections and saturate in suboptimal errors, while the
transformer alternates cross-modal attention and nonlinear refinement and keeps improving
with width and depth. The selected spatial-queries-time transformer (Tr-A) at w512, d8 was
both the lowest-error model and the efficient high-capacity endpoint of the Pareto frontier,
and it won the harder country modality without sacrificing gridded accuracy. Our model
runs Tr-A at w1024 with 16 heads and wraps it in the zero-initialised delta and α-gated
residual of (15) so the fused state is a controlled, identity-initialised perturbation of the
spatial embedding.

A.6.2 Task·spatiotemporal fusion (Tr-A, pre-norm, learned gates)

A second cross-modal Transformer lets the spatiotemporal state query the task token, pro-
ducing the conditioning vector c that drives the decoder. Width 1024, 16 heads (dh = 64),
depth Df = 16, output df = 512. With q0 = W ′

szst, m = W ′
teτ (both in RB×1×1024),

each block d is pre-norm with its own learned scalar gates ga,d = 0.05 + 0.9σ(αa,d) and
gf,d = 0.05 + 0.9σ(αf,d) (all α• init −1.1):

q̂d = qd−1 + ga,d Attn
(
LN(qd−1),m,m

)
, d = 1, . . . , Df ,

qd = q̂d + gf,d FFNd
(
LN(q̂d)

)
, c = W ′

o qDf
∈ R512.

(16)

Each FFNd again has a 1024→4096→1024 SiLU structure; no additional dropout is applied
inside this task-conditioning stack. The pre-norm placement and per-block learned gates
(rather than the post-norm, fixed-residual form of §A.6.1) suit the much greater depth here
(Df = 16): pre-norm keeps the residual stream well-conditioned at depth, and the gates let
the network grow its effective depth gradually from an identity-like initialisation.
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Design rationale. Through our ablation study, we establish two facts about task conditioning
that together specify this block. First, conditioning must happen before the decoder: task-
only conditioning at the head level is insufficient, because the head then has no access to the
spatiotemporal state. Second, the interaction must be repeated and cross-modal : a concat-
MLP fusion of task and spatiotemporal embeddings is not competitive with cross-modal
attention, and the task-level winners are distributed across the transformer family rather
than concentrated in any simpler mechanism. This block is that interaction; crucially it
queries the already-fused zst (rather than the raw spatial embedding), so the conditioning
vector c is aware of when as well as where the query is observed.

A.7 Decoder and evidential head

A.7.1 One-layer hypernetwork

Rather than feeding the conditioning vector and the spatiotemporal state into a shared
MLP, TerraNova uses c to generate a small, per-query decoder which is then applied to
zst. A hypernetwork core hϕ (Linear 512→512 followed by GELU; depth 1, i.e. no residual
blocks) maps c 7→ h ∈ R512, and four linear generator heads emit the parameters of a
one-hidden-layer decoder of hidden width H = 32 and output 4:

W1 = rownorm
(
gW1(h)

)
∈R256×32, b1 = gb1(h), W2 = rownorm

(
gW2(h)

)
∈R32×4, b2 = gb2(h).

(17)
The row-normalisation rownorm(W )i = si Ŵi (a learned per-row scale si times the unit-
normalised i-th row) bounds the scale of the generated layers, which is important because
generated weights have no weight decay or fixed initialisation of their own and would otherwise
be free to explode. The generated decoder is then applied to the spatiotemporal state:

a =
(
GELU

(
z⊤stW1 + b1

))
W2 + b2 = (aµ, aν , aα, aβ) ∈ R4. (18)

A single shared output projection emits all four NIG parameters.
Design rationale. The hypernetwork is the mechanism by which a single shared backbone
adapts its computation to over a thousand heterogeneous tasks. Because the generated
weights act on the full spatiotemporal state zst rather than replacing it, spatial and temporal
information survive intact to the readout while each task contributes a genuinely different
local decoding function, a stronger form of task conditioning than concatenation or FiLM,
which only shift or scale a shared computation. Our ablation selects this single-head
one-layer hypernetwork: it is statistically indistinguishable from the otherwise identical
four-head variant on held-out RMSE (the four-head model is the marginal raw-RMSE
winner but the difference is not significant over the matched seeds), and the single-head
form removes an unnecessary output-head over-parameterisation while keeping the decisive
architectural ingredients. The row-normalisation helps making the generated weights stable.

A.7.2 Normal–Inverse–Gamma head

The four raw scalars are mapped to NIG hyperparameters (Amini et al., 2020),

µ = aµ, ν = softplus(aν) +
1
2 , α = softplus(aα) + 1 + 10−4, β = softplus(aβ) + 10−4.

(19)
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The offsets guarantee the parameter constraints (ν > 0, α > 1, β > 0); the ν ≥ 1
2 floor

in particular prevents an epistemic blow-up as ν → 0. Because targets are z-scored (unit
marginal variance), a predictive standard deviation above σmax = 3 is implausible, and two
differentiable caps enforce this without hard-clamping gradients on the active branch:

β ← min
(
β, σ2

max(α− 1)
)
, ν ← max

(
ν, β

σ2
max(α−1)

)
, σmax = 3. (20)

The first cap bounds the aleatoric variance β/(α− 1) ≤ σ2
max; the second then bounds the

epistemic variance β/(ν(α − 1)) ≤ σ2
max. The min /max keep the gradient on the active

branch, so the model can still lower β or raise ν when it wants smaller uncertainty; the caps
only block runaway widths.

A.7.3 Predictive distribution and uncertainty read-outs

Placing the conjugate NIG prior on the unknown mean and variance of a Gaussian observation,

y ∼ N (γ, σ2), γ ∼ N
(
µ, σ2/ν

)
, σ2 ∼ Γ−1(α, β), (21)

and marginalising γ and σ2 yields a Student-t posterior predictive,

p(y | µ, ν, α, β) = St
(
y; µ︸︷︷︸

loc.

, β(1+ν)
να︸ ︷︷ ︸

scale2

, 2α︸︷︷︸
d.o.f.

)
. (22)

We report both the identifiable Student-t width (Meinert et al., 2023) and the classic
decomposition (Amini et al., 2020),

wSt =

√
β(1+ν)
αν , σ2

alea =
β

α−1︸ ︷︷ ︸
aleatoric (data) noise

, σ2
epi =

β
ν(α−1)︸ ︷︷ ︸

epistemic (model) uncertainty

. (23)

The Student-t width wSt is the identifiable predictive scale used by the loss regulariser and
width-cap diagnostics. The active-learning sampler, however, ranks tasks by the mean classic
total variance σ2

alea + σ2
epi (§A.19); the classic split is reported for interpretability.

A.7.4 Aleatoric and epistemic uncertainty

The two variances in Eq. (23) answer fundamentally different questions and must not be
conflated (Fig. 9). The aleatoric variance σ2

alea = β/(α − 1) is related to the irreducible
noise of the data-generating process at a query: instrument and retrieval error, sub-grid
variability averaged into a 0.25◦ cell, and genuine interannual volatility of the target. It is a
property of the world, not of the model, and it does not shrink with more data: observing
the same place and year again does not make the value intrinsically sharper. The epistemic
variance σ2

epi = β/(ν(α− 1)) is by contrast the model’s own ignorance: it is large where the
model has seen little relevant evidence (a data-sparse country, a held-out future year, an
under-represented climate regime) and shrinks toward zero as the pseudo-count ν accumulates
evidence. The NIG head exposes both from a single forward pass: β and α set the scale of
the inverse-gamma over the observation variance (aleatoric), while ν scales how tightly the
latent mean is pinned down (epistemic).
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The two axes are orthogonal, and the four corners of the (aleatoric, epistemic) plane all
occur in Earth-system data. A daily-scale precipitation climatology that is densely observed
is high-aleatoric/low-epistemic (intrinsically noisy but well-known); a smooth field queried
at a year beyond the training window is low-aleatoric/high-epistemic (well-behaved but
unobserved); a sparsely reported institutional indicator in a small country is high on both.
Figure 9 shows the canonical contrast: the aleatoric band is roughly constant across the input,
while the epistemic band collapses in the data-rich interior and flares in the data-sparse tails,
exactly the behaviour a model should exhibit as it moves away from its training support.

−3 −2 −1 0 1 2 3
input (location / year)

−2

−1

0

1

2

st
an

da
rd

is
ed

 ta
rg

et

data-rich

data-sparse
(epistemic grows) data-sparse

Two uncertainties from one evidential head

epistemic √β/ν(α−1)  (reducible)

aleatoric √β/(α−1)  (irreducible)

predictive mean μ
training data

Figure 9: Two uncertainties from one evidential head. The aleatoric band
√

β/(α− 1)
(blue) is the irreducible data noise and is roughly constant; the epistemic band

√
β/(ν(α− 1))

(purple) is the model’s ignorance and collapses where data is dense, flaring in the data-sparse
tails. Both are read off the single NIG output (µ, ν, α, β) of Eq. (19).

A.7.5 Uncertainty Quantification and Foundation Models

A foundation model is, by construction, applied beyond the exact distribution it was trained
on: it is queried at new tasks, new years, and new regions, and its outputs feed down-
stream analyses it was never directly optimised for. Three consequences make a calibrated,
decomposed uncertainty a first-class output of TerraNova rather than an afterthought.

(i) Decision-readiness. Climate-risk, exposure, and socioeconomic-projection decisions
require intervals, not point estimates: a prediction of national vulnerability or local
exposure is actionable only with a defensible confidence band. The Student-t predictive
(Eq. 22) supplies a per-query interval directly, in physical units after de-standardisation.

(ii) Extrapolation awareness. Epistemic uncertainty is the model’s internal signal
that a query is out-of-distribution: a future year, a data-poor country, an unusual
covariate combination. A foundation model whose reported epistemic uncertainty
rises as it leaves its training support is self-aware about extrapolation; a bare point
predictor gives no such warning and fails silently. This is especially important for the
Anthropocene setting, where the most policy-relevant queries (future decades, rapidly
changing regions) are precisely the least-observed.
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(iii) Compute allocation. The same uncertainty signal closes a loop with training: the
active-resampling sampler (§A.19) directs gradient toward the tasks the model is most
uncertain about, so uncertainty is not merely reported but used to improve the model.

This is why TerraNova emits a full NIG distribution at every query rather than a mean, and
why the reconstruction loss (§A.8) is constructed to keep the two uncertainties identifiable
on standardised targets rather than collapsing them.

A.7.6 Embeddings as the joint carrier of signal for prediction and its
uncertainty

A theme that runs through the entire architecture is that TerraNova’s computation is
mediated by embeddings: the location, country, time, task, and spatiotemporal vectors of
Part B, each rescaled to a fixed radius on a sphere (Eq. N). These embeddings are not an
internal convenience to be discarded at the readout: they are the object the model actually
learns, and they are deliberately made to carry more than the information needed to predict
a conditional mean. Three design facts make this explicit.

First, the spatiotemporal embedding zst is consumed by two different heads with different
objectives: the task-conditioned decoder (§A.7), which reads it to predict, and the alignment
projections (§A.9.2), which read it to be contrasted against external and country embeddings.
A single vector must therefore be simultaneously predictive and retrievable, which forces its
geometry to encode structure that a prediction-only model would never need.

Second, because the decoder is evidential, the embedding must carry the information that
lets the hypernetwork emit not just µ but a calibrated (ν, α, β). To produce a small ν (high
confidence) the network must “know”, from the embedding alone, that the query lies in a
well-observed part of the input space; to produce a large ν it must recognise an unfamiliar
one. The embedding therefore encodes an implicit notion of how well-determined the target
is at that location and time alongside its predictive content. In this sense the uncertainty is
not bolted on at the head; it is a property of where the query lands in embedding space.

Third, the auxiliary objectives act on the embeddings rather than on the predictions.
External geospatial alignment (§A.9.2) shapes the spatiotemporal embedding so that nearby
and visually similar places are close; internal country–location alignment (§A.9.3) makes a
country embedding and the mean embedding of its coordinates adjacent; temporal transport
(§A.4.5) regularises the geometry of the time embedding. Most of the model’s objectives,
and a large fraction of its parameters, are spent shaping embedding geometry, because it
is the embedding that must transfer across tasks, geometries, and time. The quality of
TerraNova as a foundation model is, to first order, the quality of these embeddings: their
accuracy, their calibration, their cross-geometry correspondence, and their alignment to
external representations are all properties of the same learned vectors.

Part C. Learning objective
The total objective (Eq. 35) is a sum of one reconstruction loss (§A.8) and three auxiliary
losses (§A.9), each realised stochastically by the mixed-step schedule and scaled by a fixed
category weight. This Part derives the evidential reconstruction loss from the predictive
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distribution of §A.7.3, explains the two corrections that make the evidential split well-posed,
and then specifies each auxiliary objective and its weight. Homoscedastic (Kendall) task
weighting (Kendall et al., 2018) is disabled in the final model.

A.8 Reconstruction: evidential NIG loss

For a z-scored target y and NIG output (µ, ν, α, β), write Ω = 2β(1 + ν). The NIG negative
log-likelihood (Amini et al., 2020) is the exact negative log-density of the Student-t marginal
(22),

LNLL = 1
2 log

π

ν
− α log Ω +

(
α+ 1

2

)
log
(
ν(y − µ)2 +Ω

)
+ log Γ(α)− log Γ

(
α+ 1

2

)
. (24)

Minimising (24) alone is insufficient. The original evidential regulariser |y − µ| (2ν + α)
Amini et al. (2020) pushes the total evidence down where the residual is large, but Mein-
ert et al. (2023) show it drives a ν → 0 degeneracy and, more fundamentally, that the
aleatoric/epistemic split is not fully separately identifiable from the marginal likelihood
without a prior on one of the two scales: a genuinely noisy region (large aleatoric variance)
and an epistemically uncertain one produce the same marginal and are conflated. We adopt
two corrections. First, we normalise the residual by the identifiable Student-t width before
weighting by the total evidence, so the penalty is on standardised error rather than raw noise
level:

Revi =
∣∣∣y−µwSt

∣∣∣p (2ν + α), p = 1. (25)

Second, we add a soft one-sided cap on the predictive width: because targets are z-scored,
a width beyond a few σ is implausible, and this prior supplies the kind of information on
one of the two scales that Meinert et al. (2023) argue is required, alongside a smoothness
assumption in x, to make the split well-posed, while closing the wSt→∞ escape hatch that
the normalised regulariser would otherwise leave open:

Rcap = relu
(
wSt −Wmax

)2
, Wmax = 3. (26)

The per-sample reconstruction loss, mean-reduced over the batch (with optional off-support
sample weights wi; §A.15), is

Lrec =
〈
wi
[
LNLL + λevRevi + κRcap

] 〉
, λev = 0.3, κ = 0.1. (27)

All NIG terms are evaluated in fp32 with degenerate-parameter floors (ν≥10−8, α−1≥10−6,
β ≥ 10−8) for numerical safety, since the log and log Γ terms are unstable in bf16; the
reconstruction category weight is wrec

cat = 1.
Design rationale. The training-policy study sweeps the evidence coefficient over λev ∈
{0.1, 0.3} jointly with the curriculum and active-learning switches and selects 0.3: relative
to 0.1 it modestly lowers reconstruction error and improves calibration, so accuracy and
calibration are positively associated rather than in tension at this setting. The width cap
and its weight κ are held fixed across the study. Replacing a bare MSE with this evidential
objective is what lets TerraNova emit a calibrated, decision-ready uncertainty with every
point prediction; the same uncertainty also drives active resampling (§A.19), so loss and
the training policy are coupled.
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A.9 Auxiliary objectives

A.9.1 Temporal transport

For a fixed (τ, u) observed at source year t and target year t + ∆, the model forms time
embeddings τs, τs+∆; the transported time T (τs,∆) is fed back through fusion and the
decoder to give a transported prediction ŷtr. Four terms, with stop-gradient targets, supervise
transport simultaneously as a predictor and as a well-behaved operator :

Lpred = LNIG
rec

(
ŷtr, yt+∆

)
(transported prediction is accurate), (28)

Lmatch =
∥∥T (τs,∆)− sg[τs+∆]

∥∥2
2

(transport lands on the true target-year embedding),
(29)

Lid =
∥∥T (τs, 0)− sg[τs]

∥∥2
2

(zero shift is the identity), (30)

Lsg =
∥∥T (T (τs,∆1),∆2

)
− sg[T (τs,∆1+∆2)]

∥∥2
2

(semigroup), (31)

with ∆ ∈ {±1,±2,±4,±6,±8} (offsets beyond ∆max = 4 saturate the normalised-offset
clamp of Eq. 9) and semigroup pairs (∆1,∆2) ∈ {(1, 1), (1, 2), (2, 2), (4, 4), (2, 6)} drawn per
step. Here LNIG

rec is the same evidential prediction criterion as Eq. 27 (NIG NLL plus the
evidence regulariser and width-cap penalty), evaluated on the transported prediction rather
than a separate bare NLL. The family loss is the fixed combination

Ltr = wtr
cat

(
0.35Lpred + 0.10Lmatch + 0.02Lid + 0.05Lsg

)
, wtr

cat = 1. (32)

The stop-gradients prevent the consistency terms from collapsing the time encoder itself
(they constrain T , not τ ); the weighting emphasises predictive accuracy while keeping the
operator geometrically well-behaved.

τs

τs+Δ
T(τs, Δ) LmatchLid : T(⋅, 0) = id

Lsg : T(T(⋅, Δ1), Δ2) = T(⋅, Δ1+Δ2)

latent time-embedding trajectory

Operator constraints (latent space)

T(τs, Δ)

fuse + decode

̂y tr yt+Δ

Lpred

Predictive supervision
a b

Figure 10: The four temporal-transport constraints (Eq. 32). (a) In latent time-embedding
space, the operator T (τ ,∆) should land on the true target-year embedding (Lmatch), be the
identity at zero shift (Lid), and compose additively (Lsg, semigroup). (b) The transported
embedding, once fused and decoded, must also predict the true future target (Lpred). Targets
are stop-gradient, so the consistency terms shape T without collapsing the time encoder.
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A.9.2 External geospatial alignment (spatiotemporal)

This objective aligns TerraNova’s spatiotemporal embedding zst to frozen external geospatial
embeddings: SatCLIP (Klemmer et al., 2025), GeoCLIP (Vivanco Cepeda et al., 2023), and
Copernicus-Embed (Wang et al., 2025), sampled with equal probability per step (§A.13).
The targets are static one-vector-per-coordinate products, but zst is time-dependent, so the
alignment is anchored in time: each bank is queried at the year(s) in which its own training
data were generated (the ref. years of Table 6). One such year is drawn uniformly per batch
and used as the query time, so zst is always read in the bank’s native temporal context rather
than at an arbitrary date; the contrast is thus spatiotemporal on the TerraNova side and
matched in time to each target.

The bridge between the two spaces is a small learned head. The source is projected
by a per-bank two-layer MLP Ph : R256→ R512 (Linear→ LN→ SiLU→ Linear, hidden
512) into the bank’s 512-D space. SatCLIP and GeoCLIP are natively 512-D and are taken
directly; Copernicus-Embed is 768-D and passes through a single linear projection to 512 first.
Both sides are then ℓ2-normalised. They are contrasted with cosine similarity s(a, b) = â⊤b̂
and temperature τT = 0.07 against K = 32 inverse-distance (hard) negatives {v−

k }, in the
sampled-negative InfoNCE form (van den Oord et al., 2018; Radford et al., 2021):

Lgeo = − log
exp
(
s(Phzst,v

+)/τT
)

exp
(
s(·,v+)/τT

)
+
∑K

k=1 exp
(
s(·,v−

k )/τT
) , wgeo

cat = 1. (33)

Negatives are drawn from a softmax over inverse distances, p(x−k ) ∝ exp
(
(dhav + ε)−1/Tneg

)
with Tneg = 0.07, beyond a 50 km exclusion radius, where dhav is the great-circle (haversine)
distance, so the contrast is tilted toward the hardest negatives (nearby but distinct locations),
which forces the source embedding to resolve fine spatial distinctions rather than merely
global gradients.
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Design rationale. Our ablation treats external alignment as an auxiliary representation
objective rather than a prediction task, and sweeps the loss family (inverse- vs linear-
distance weighting), the per-epoch step budget, and the loss weight against a no-alignment
baseline. Equal-weighted inverse-distance alignment to all three banks at the largest budget
is selected: it raises top-1 retrieval into the external spaces from near-chance (0.008) to
0.875 and, crucially, improves gridded held-out correlation by ∆ ≥ 0.05 without measurable
loss of reconstruction accuracy. Because the external banks are visual (satellite imagery
for SatCLIP and Copernicus, ground-level photographs for GeoCLIP), this is evidence
that anchoring the spatiotemporal space to image-derived structure regularises it toward
better spatial generalisation, consistent with the platonic representation hypothesis (Huh
et al., 2024): models trained on different modalities of the same world converge toward
a shared representation of its underlying state. The intuition is specific and load-bearing
here, because it justifies spending compute on visual contrastive losses while the prediction
targets are numeric. A satellite tile or a ground-level photograph is a dense, high-bandwidth
observation of the physical character of a place, its land cover, terrain, built form, vegetation
and hydrography, which the frozen image encoder has already distilled into structure;
regression onto numeric targets alone never sees that signal and is free to arrange its
latent space in whatever way happens to fit the training fields. Pulling zst toward the
image-derived banks therefore supplies an inductive bias the targets cannot: it forces the
latent geometry to encode intrinsic physical features of the Earth’s surface, so that places
are separated by what they physically are rather than only by where their training values
happened to land. This is why a visual contrastive loss improves numeric prediction at all,
and why it helps most where tabular signal is sparse, a data-poor cell or country inherits a
physically grounded location representation from imagery even when its own labels are few.
Country-level tasks see a small accuracy reduction (these visual losses are not designed for
them), which the internal country–location objective (§A.9.3) is introduced to address.

A.9.3 Internal country–location alignment (spatiotemporal)

This is the objective that makes the two native geometries mutually informative, and like
the external alignment it operates in spatiotemporal space. One year y is drawn per batch
from the years for which a gridded population-density raster is available, and that single
year does double duty: (i) it is the query time passed to the time encoder for both the
country embedding and every in-country coordinate embedding, and (ii) it selects the
contemporaneous population raster Py that weights the coordinate sampler. The two effects
are complementary. The first compares the country code and the coordinate codes within a
single temporal slice rather than as static maps. The second makes the spatial prior over
positives itself time-consistent: because the population field is re-read for each sampled
year, the positives track where people actually were in year y, so as populations redistribute
over decades (urbanisation, regional growth and decline) an early-year batch concentrates
its positives differently from a recent-year batch, instead of re-using a fixed present-day
mask. Concretely, for a sampled country c with polygon support Ωc we draw C = 128
positive coordinates inside Ωc with year-specific density qy(x) ∝ log(1 + Py(x)), where Py
is the population-density raster for year y, and K = 16 negatives from other countries.
Mean-pool the positive coordinates’ spatiotemporal embeddings, h̄+

c = 1
C

∑
x∈Pc

zst(x), and
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Figure 11: External geospatial alignment (Eq. 33). (a) Hard negatives are drawn from
a softmax over inverse great-circle distances beyond a 50 km exclusion radius around the
anchor, so the contrast is tilted toward nearby-but-distinct locations. (b) The trainable
spatiotemporal embedding is projected to ŝ and pulled toward the positive bank vector
v+ produced by a frozen image encoder, while being pushed from 32 hard negatives, by
sampled-negative InfoNCE at temperature τT=0.07. The three banks (SatCLIP, GeoCLIP,
Copernicus-Embed) are rotated across steps.

align the country’s own spatiotemporal embedding hc = zst(c) (the country routed through
the geometry router, then ST-fused at the same year) to this within-country mean by
sampled-negative InfoNCE (τT = 0.07):

Lcl = − log
exp
(
s(hc, h̄

+
c )/τT

)
exp
(
s(hc, h̄

+
c )/τT

)
+
∑

x−∈Nc
exp
(
s(hc,hx−)/τT

) , wcl
cat = 0.25. (34)

Design rationale. We ablate two different alignment mechanisms: this contrastive alignment
and a prediction-consistency regulariser that forces a country’s prediction to match the mean
of coordinate predictions inside it, and selects population-weighted alignment-only, rejecting
consistency. The predictive gain concentrates on the country side of the joint benchmark,
which is the informative result: because WorldTensor is not merely a gridded copy of the
country panel but carries distinct variables (climate, air quality), the relatively sparse
country tasks can borrow the higher-density coordinate signal through this soft coupling.
The log(1 + Py) density (borrowed from high-dynamic-range tone-mapping) compresses
the heavy-tailed population field so dense cities do not monopolise the within-country
sampler, while still focusing positives where people (and thus most socioeconomic signal)
are. Consistency is discarded because it lowered the predictive selection metric (it is too
strong a regulariser) and is therefore set to wcons = 0.

26



TerraNova — Supplementary Information

Figure 12: Internal country–location alignment (Eq. 34). (a) Positive coordinates are drawn
inside the anchor country’s polygon, population-weighted using the density raster for the
sampled year; (b) the log(1 + Py) density compresses the heavy-tailed population field
so dense cities do not monopolise the sampler. (c) The country embedding hc is pulled
toward the mean-pooled in-country location embedding h̄+

c and pushed from other countries’
embeddings by sampled-negative InfoNCE, softly coupling the two native geometries so the
sparse country tasks can borrow the denser coordinate signal.
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A.10 Total objective and category weighting

Over a mixed mini-epoch the optimiser minimises the sum of the active families’ losses,

L = Lrec + Ltr + Lgeo + Lcl (35)

with category weights (wrec, wtr, wgeo, wcl) = (1, 1, 1, 0.25) and no learned homoscedastic
weighting. Because each minibatch realises exactly one family (§A.17), (35) is optimised in
expectation, with the step counts of Table 7 setting the effective mixing proportions.

Design rationale. Kendall homoscedastic weighting (Kendall et al., 2018) re-weights tasks
by a learned per-task observation noise. It is disabled here because the evidential head
already learns per-prediction scale through (ν, α, β); layering a second, per-task learned
scale on top of 1,024 tasks was found redundant and was switched off in the final recipe to
avoid two interacting uncertainty mechanisms competing during optimisation.

Part D. Data
TerraNova is trained on three data products: the gridded environmental fields of WorldTen-
sor (§A.11), the country-level socioeconomic and institutional indicators of CountryTensor
(§A.12), and three external geospatial embedding banks used only as alignment targets (§A.13).
The first two are the reconstruction targets; all three are released separately as companion
resources and are documented in dedicated data papers and code releases, which we summarise
here to the extent needed to reproduce the training inputs. The model uses a curated core
subset of 512 fields from each of WorldTensor and CountryTensor.

A.11 WorldTensor: gridded environmental fields

The gridded component is drawn from WorldTensor (Rodriguez-Pardo and Tavoni, 2026),
a harmonised global dataset that aligns hundreds of environmental and human-system
variables to a common annual 0.25◦ latitude–longitude grid (matching the ERA5 reanalysis
grid; Hersbach et al., 2020) with standardised coordinates, CF-style metadata, and a NetCDF
release. The full release comprises 757 variable families (52,823 NetCDF files, ≈ 46GB)
organised into 13 thematic domains plus a static-context domain, spanning 1900–2025 with
domain-dependent coverage. TerraNova trains on the core-512 manifest, a 512-field subset
(415 annual fields and 97 static layers) curated for coverage and quality.

Construction. WorldTensor is built around four principles: shared spatial support (the
0.25◦ grid), shared temporal resolution (annual), multi-domain coverage, and machine-
readability. Achieving them requires more than format conversion, because sources differ in
native resolution, projection, temporal structure, and geometry type. Gridded reanalysis
products are regridded to the canonical grid with longitude-seam and polar handling and
bilinear (continuous) or nearest-neighbour/category-specific (discrete) resampling; high-
frequency products are aggregated to annual summary statistics (mean, standard deviation,
min, max, or sum, as appropriate to the variable); and point, line, and polygon datasets are
rasterised into spatially meaningful gridded fields (e.g. counts, cumulative quantities, active
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stocks, or distance-to-event surfaces) rather than discarded. Each released field carries a
short source code and a statistic suffix (e.g. t2m_mean, tp_sum, pm2p5_std).

Table 4: WorldTensor core-512 gridded fields by domain. Representative variables are
summarised from Rodriguez-Pardo and Tavoni (2026); coverage is the released span for that
domain. All fields are delivered by WorldTensor itself.

domain # representative variables coverage

climate 138 2m temperature, precipitation, sea-level pressure
(mean/std/min/max)

1940–2025

static 97 elevation, slope, bathymetry, distance-to-coast/river, soil texture,
travel time

static

emissions 67 CH4, N2O, biogenic & fossil CO2, shipping NOx 1970–2024
energy 52 active/added/retired/net generating capacity, plant diversity 1900–2025
air_quality 40 PM2.5, atmospheric composition (annual summaries) 2003–2024
hazards_and_conflict 28 earthquake, cyclone, volcanic, disaster, conflict counts/intensities 1900–2025
human_systems 22 population density/count, sectoral GDP, nighttime lights, built

surface, human footprint
1972–2024

extremes 14 land & marine heatwave indices, SPI/SPEI drought 1901–2025
land_use 14 primary/secondary forest, pasture, rangeland, urban, crop frac-

tions
1900–2024

agriculture 12 crop production, livestock density, N/P/K fertiliser application 1961–2021
vegetation 10 NDVI, EVI, burned area, vegetation optical depth 2000–2025
hydrology 8 terrestrial water storage, soil moisture, snow water equiv., wetland

inundation
2000–2025

cryosphere 6 snow cover, glacier mass/area, permafrost extent/thickness 1976–2025
ocean 4 chlorophyll-a (mean/std/min/max) 2010–2023

total: 512 fields

Domain inventory. Table 4 lists the core-512 domains, representative variables, and
coverage; the per-domain field counts are visualised in Figure 13. Coverage is deliberately
heterogeneous across domains: climate reaches back to 1940, land use and energy to 1900,
while satellite-derived ocean and vegetation products begin in the 2000s. The annual
resolution is a design choice that enables cross-domain alignment at the cost of attenuating
sub-annual dynamics; the 0.25◦ grid balances detail, global completeness, and tractability
(Rodriguez-Pardo and Tavoni, 2026).

A.12 CountryTensor: socioeconomic and institutional indicators

The country component is 512 national indicators derived from the Quality-of-Government
(QoG) data ecosystem of the University of Gothenburg (Teorell et al., 2021), indexed by
ISO3 over an annual panel that follows the QoG time-series coverage (most series 1946–
2020, with some historical institutional series reaching earlier), within the model’s temporal
normalisation range (Eq. 8). The variables are grouped into 65 thematic families (which roll
up into 10 higher-level buckets) spanning human development, political economy, political
institutions, governance and rights, inequality, demography, conflict, health, and climate
vulnerability (all 65 are listed in Table 5; the family-size distribution is shown in Figure 14).
Of the 512 variables, 338 are continuous and 174 are one-hot/binary category indicators; all
are trained as scalar regression targets under the evidential loss (Eq. 27), and the binary
metadata carried by the data export is deliberately ignored so that a single objective and
head serve every task.

29



Rodriguez-Pardo and Tavoni

0 20 40 60 80 100 120 140 160
number of fields (core-512)

climate

static (geophys.)

emissions

energy

air quality

hazards & conflict

human systems

extremes

land use

agriculture

vegetation

hydrology

cryosphere

ocean

138

97

67

52

40

28

22

14

14

12

10

8

6

4

Fields per domain

1900 1920 1940 1960 1980 2000 2020 2040
temporal coverage (year)

1940 2025

time-invariant
(soil, terrain, distances)

1970 2024

1900 2025

2003 2024

1900 2025

1972 2024

1901 2025

1900 2024

1961 2021

2000 2025

2000 2025

1976 2025

2010 2023

Temporal coverage by domain
a b

Figure 13: WorldTensor core-512 inventory (real counts and spans from the manifest and Ta-
ble 4). (a) Fields per domain: physical domains dominate by count, but task sampling (§A.17)
uses a socioeconomic-first selection order and explicit boosts so that policy-relevant human-
system fields are not crowded out. (b) Temporal coverage is deliberately heterogeneous:
energy, land use and hazards reach back to 1900, climate to 1940, while satellite-derived
vegetation, hydrology and ocean products begin only in the 2000s. The “static (geophys.)”
domain (97 fields) is time-invariant and therefore has no temporal extent: it collects fixed geo-
physical descriptors: SoilGrids soil properties and texture (Poggio et al., 2021) (72 fields over
standard depth profiles), vegetation/land-cover class, topography, distance-to-coast/river,
bathymetry, that provide spatial context shared across all years. All time-varying series are
aligned to the common annual grid and to the model’s temporal normalisation range (Eq. 8).
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Table 5: CountryTensor: all 65 QoG-derived thematic families (by variable count). At a
higher level these roll up into 10 buckets: human welfare (116), macro development (111),
institutions & governance (107), climate & environment (65), historical/structural (30),
conflict/external (22), political process (20), social attitudes (4), regional (1), and a residual
other (36). Total 512 variables (338 continuous, 174 binary), all regressed.

family # family # family #

Human development 43 Aid & development 6 Economic complexity 2
Political economy 39 Historical institutions 6 Freedom House political 2
Political institutions 35 Living-conditions qual. 6 Geography & history 2
Economy & development 34 Representation inequal. 6 Hist. econ. development 2
Governance & rights 31 Climate disaster risk 5 Hist. infrastructure 2
Environment & energy 26 Gender parliament repr. 5 Informal economy 2
Inequality & living std. 23 Regime classification 5 Peace & security 2
Regime/historical typ. 18 State antiquity/history 5 Polity regime 2
Demography & labour 14 Dependency ratios 4 Prosperity & poverty 2
Climate vulnerability 13 Electoral-system design 4 State capacity (latent) 2
Conflict & security 13 Ethnocultural diversity 4 Top-income concentr. 2
Financial integ./trade 12 Gender gap 4 Uncertainty 2
Health 12 Health outcomes/longev. 4 Country risk 1
Agriculture & land use 10 Human-rights violations 4 Electoral attitudes 1
Elections & events 9 Party-system dynamics 4 Environ. footprint (ext.) 1
Hist. state formation 9 Tax-revenue structure 4 Freedom House nations 1
Public-sector spending 9 Culture & values 3 Governance capacity 1
Regime failure/transition 8 Digital/info. access 3 Metabolic health 1
Ecological footprint 7 Remittances & diaspora 3 Regional integration 1
External relations/sec. 7 Resource/fuel depend. 3 Screening & prevention 1
Gender repr. systems 7 Voter turnout/compet. 3 State fragility 1
Macro trade & growth 7 Basic capabilities 2
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Figure 14: CountryTensor inventory (real counts from countrytensor_core_512.yaml). (a)
Variable counts for the 15 largest QoG-derived families; the long tail of 50 further families
is shown as a single hatched aggregate (bar clipped, true total 180 variables) so it does
not visually dominate the named families. (b) All 512 variables (338 continuous, 174
one-hot/binary) are trained as scalar regression targets under the evidential loss. (c) The
national panel is annual, following the QoG time-series (1946–2020 for most series, with
some historical institutional series extending earlier), indexed by ISO3 within the model’s
temporal normalisation range (Eq. 8).
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A.13 External geospatial embedding banks

The alignment targets of §A.9.2 are precomputed embedding banks over a fixed 500k
land-coordinate pool (land_only_500k), generated with a companion geospatial-embeddings
resource (Rodriguez-Pardo, 2026). The generation pipeline (Algorithm 2) samples candidate
coordinates with a Fibonacci-sphere lattice (uniform on the sphere, with the lattice phase
randomised per run so repeated runs do not reuse the same locations), filters them to land
using Natural Earth polygons (Natural Earth, 2022), and embeds the surviving coordinates
with each wrapped encoder. Banks are read-only and never updated during training; the
source projections in the alignment loss are the only trainable part of that pathway.

Fibonacci-sphere candidates (uniform) After land mask  (Antarctica, <−60 ∘ , excluded)

Antarctica (excluded)
kept land pool

a b

Figure 15: Land-coordinate pool construction (Algorithm 2). (a) A Fibonacci-sphere lattice
places candidate points uniformly over the globe (equal-area, with no clustering at the poles,
unlike a latitude–longitude grid). (b) Candidates are filtered to land with Natural Earth
polygons (Natural Earth, 2022), leaving the surviving coordinates as the fixed 500k land
pool over which all three embedding banks are precomputed.

Table 6: External geospatial embedding banks used as alignment targets (the three static
products from the wrapper used by TerraNova). Each stores coordinates and one embedding
vector per point over the 500k land pool, at its own encoder’s native width.

bank file dim ref. years modality

SatCLIP satclip_land_500k.pt 512 2021–2023 satellite imagery
GeoCLIP geoclip_land_500k.pt 512 2004–2014 ground-level images
Copernicus copernicus_land_500k.pt 768 2021 Copernicus rasters
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Algorithm 2 Geospatial embedding-bank generation (Rodriguez-Pardo, 2026)

Require: point budget N (= 500,000), encoder set E = {SatCLIP, GeoCLIP, Copernicus}
1: {xi}Mi=1 ← FibonacciSphere(N ′, phase ∼ U) ▷ N ′≥N candidates, randomised phase
2: {xi} ← {xi : xi ∈ NaturalEarthLand} ▷ land mask; keep first N
3: for each encoder E ∈ E do
4: VE ← [E(xi) ]

N
i=1 ∈ RN×dE ▷ batched embedding

5: return bank = {coordinates_lonlat= {xi}, {E_embeddings= VE}E∈E}

Design rationale. The Fibonacci-sphere lattice is used because a naïve latitude–longitude
grid over-samples the poles, biasing any contrastive loss toward high-latitude geometry; the
Fibonacci construction is uniform on the sphere and deterministic up to its phase, so the
land pool is geographically balanced. Land filtering restricts the banks to the support of the
alignment task (the external encoders are defined on land), and the shared coordinate pool
across all three banks means the three alignment objectives see the same locations, so their
gradients are comparable. The same Fibonacci-on-sphere construction, intersected with
the WorldTensor ocean mask, supplies the open-ocean coordinates for the OCN synthetic
country (§A.15).

Part E. Preprocessing
Three preprocessing mechanisms turn the raw data products into training-ready targets: per-
task standardisation (§A.14), which places all targets in a common z-scored space; the support
policy and ocean handling (§A.15), which deal with fields that are undefined over parts of
the globe; and the train/validation split (§A.16), which defines a held-out-time generalisation
test. Each is described with the exact rule the code applies, because all three interact with the
loss (Eq. 27) and the evidential caps (Eq. 20).

A.14 Per-task standardisation

A central registry stores per-task standardisation parameters and applies one of three
invertible transforms. The reconstruction objective uses standardisation (z-scoring), with
per-task mean and standard deviation (µκ, σκ) estimated on the training split:

ỹ =
y − µκ
σκ

, y = ỹ σκ + µκ. (36)

Two further strategies are supported for diagnostics and for variables better suited to a
bounded range: min–max scaling to [0, 1], ỹ = (y−ymin)/(ymax−ymin), and a robust transform
that maps the 5th/95th percentiles to [0, 1] and clips, ỹ = clip

(
(y − q05)/(q95 − q05), 0, 1

)
,

which is less sensitive to heavy tails. Non-finite inputs are sanitised (±∞→NaN) before
normalisation so that masked pixels are excluded from the loss and metrics rather than
corrupting the per-task statistics.
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Design rationale. Standardisation is the final choice because it is what makes the evidential
machinery well-posed. The width cap Wmax = 3 and the variance cap σmax = 3 are
meaningful only because every target has unit marginal variance: “three standard deviations”
is then a universal, task-independent bound, so a single pair of caps serves all 1,024 tasks
(§A.7.2, §A.8). It also equalises the loss scale across tasks of wildly different physical units
(temperature in kelvin, GDP in dollars), so no task dominates the gradient by virtue of its
units, and the per-task RMSE used for model selection (§A.20) is comparable across tasks.

A.15 Support policy and ocean handling

Many fields are undefined over part of the globe: land-domain quantities (population, built
surface, land use) have no value over the ocean, and ocean-domain quantities have no
value over land. A support policy resolves this per field. Off-support cells are filled with
a deterministic value (typically 0, e.g. population over open ocean), so the field is dense
and gridded, and each policy carries a per-sample weight wi = woff ≤ 1 applied to those
imputed pseudo-labels in Eq. (27); on-support cells carry wi = 1. The gridded (WorldTensor)
policies keep woff = 1, supervising the filled cells at full weight so the model learns where
each quantity is defined; the country-level land-zero policy down-weights them to woff = 0.8.
The active-learning sampler additionally drops imputed cells from its uncertainty estimate
(§A.19), so they do not distort task reweighting.

The land/ocean classification used by the support policy and the country/location
samplers is a composite mask built once from the static WorldTensor fields,

is_land = (bathymetry_elevation ≥ 0) ∨ isfinite(land_area), (37)

which keeps inland lakes and Greenland as land (the land_area disjunct catches points
where the bedrock dips below sea level) while classifying open ocean as ocean and excluding
Antarctica whenever its non-negative bathymetry marks it as land. A synthetic country
OCN is registered for the samplers; its coordinates are drawn from a deterministic Fibonacci-
sphere lattice (§A.13) intersected with the ocean mask, uniform on the sphere with no polar
clustering, and it receives ocn_sampling_fraction = 0.1 of the country-sampling weight so
the model gets meaningful open-ocean exposure despite only a minority of country tasks
having defined ocean values.

A.16 Train/validation splits

All splits use split_seed = 42. Gridded fields use a temporal-year holdout: for each field,
gridded_holdout_years = 3 whole years are sampled for validation from the interior of the
record (Algorithm 3), the two earliest and two latest years are excluded from the holdout pool,
so the model is never asked to extrapolate beyond the temporal envelope it was trained on,
only to interpolate unseen interior years. Country variables use a per-pool validation fraction
val_fraction = 0.02. Validation during training is therefore a held-out-time generalisation
test: the model must reconstruct unseen years of seen fields, which directly probes the
temporal pathway (§A.4.4, §A.4.5) rather than spatial extrapolation.

35



Rodriguez-Pardo and Tavoni

Algorithm 3 Temporal-year holdout per gridded field
Require: sorted years y0..n−1, holdout count H (= 3), seed
1: if n ≥ H + 4 then interior ← y2..n−3 ▷ exclude two edge years each side
2: else interior ← y0..n−1

3: H ′ ← min(H, |interior|, n− 1)
4: holdout ← sorted H ′ years sampled without replacement from interior
5: return train = years \ holdout, val = holdout

Part F. Training
Training interleaves the five step families on a fixed mixed schedule (§A.17), optimised with
AdamW under a single warmup–cosine schedule with weight EMA (§A.18), and is steered
by an uncertainty-driven active-resampling callback (§A.19). The full loop is Algorithm 4.
This Part gives the schedule arithmetic, the task-sampling mechanics, the optimiser settings,
and the active-learning algorithm, together with the study that fixed the three training-time
switches.

Algorithm 4 TerraNova training loop
1: restore RNGs, optimiser, EMA, and AL state from last.ckpt if present
2: for epoch e = e0, . . . , E−1 do
3: S ← MixedSchedule({nfam}, window 50) ▷ Alg. 5
4: for each step type ζ ∈ S do
5: draw a batch for family ζ from its provider ▷ task-sampler probs for

reconstruction
6: Lζ ← family loss (Eqs. 27–34)
7: backprop; clip ∥∇∥2≤1; AdamW step; update EMA
8: step LR schedule (Eq. 39)
9: if e ≡ 0 (mod 2) then run active resampling ▷ Alg. 6

10: if e ≡ 0 (mod 3) then validate; checkpoint best-by-val/recon_rmse_mean
11: checkpoint (atomic) every 2 epochs; permanent milestone every 10
12: if walltime budget exhausted then graceful stop + checkpoint + exit-42

A.17 Mixed-step schedule

One epoch interleaves the four active families in the per-epoch budget of Table 7. The
sequence is built by expanding the exact multiset of step tokens, shuffling it globally, then
chunking the shuffled stream into mini-epoch windows of 50 steps and reshuffling each chunk
(Algorithm 5). This prevents long homogeneous runs while preserving the exact family
counts; balance within any single 50-step window is statistical rather than guaranteed by
construction. The three geospatial-alignment heads split the 256 geo steps as evenly as
integer counts allow, with the single remainder step rotating across epochs.
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Table 7: Per-epoch step budget..

family steps/epoch notes

reconstruction 32768 85/15 gridded/country base (AL-adjusted)
transport 512 batch 512
geo_alignment 256 3 heads, rotating remainder, batch 512
country_alignment 256 128 countries, 128 coords, 16 negatives

Modality balance and task sampling. Within the 32768 reconstruction steps, the
gridded/country split is initialised at 85/15, so the much larger gridded inventory does not
drown out the country tasks. This 85/15 is a nominal base, not a hard constraint: it fixes the
per-task sampling probabilities at start-up, but the active-learning resampler (§A.19) then
multiplies each task’s base probability by a bounded uncertainty factor in [0.5, 2.0] every two
epochs, independently of modality. The realised gridded/country share therefore drifts away
from 85/15 over training, toward whichever modality carries the larger predictive uncertainty;
the drift is bounded because every multiplier is clamped to [0.5, 2.0] and re-anchored to the
fixed base each cycle (it does not compound). Within the gridded bucket, per-task selection
probabilities are shaped by multiplicative boosts and then renormalised so the modality split
is preserved. Writing π0

κ for a task’s base (importance-prior) probability and bκ for its boost
factor, the gridded sampling probability is

πκ =
clip
(
bκ π

0
κ, rmin/Ng, rmax/Ng

)∑
κ′∈grid clip(·)

, rmin = 0.04, rmax = 25, (38)

where Ng is the number of gridded tasks, the clip bounds are relative to the uniform
probability 1/Ng, not to the task’s own prior, with a per-domain floor guaranteeing each
domain at least a fraction 0.01 of the total sampling weight (across both modalities). The
headline boosts (task_boosts) up-weight the urban/population and basic-climate fields the
model is expected to find hardest and most policy-relevant: population density, nighttime
lights, built surface, impervious surface, urban vegetation class, and human footprint at 10×;
mean temperature and total precipitation at 5×; their standard deviations at 2×, on top of a
base table that further up-weights anthropogenic-activity proxies and down-weights smooth
distance/accessibility fields.

Algorithm 5 Mixed mini-epoch step sequence
Require: family counts {nrec, ntr, ngeo, ncl}, window w=50
1: S ← multiset with nfam tokens of each family (geo tokens cycle the 3 heads)
2: shuffle S globally
3: partition the shuffled S into consecutive windows of size w
4: for each window do shuffle its tokens uniformly
5: return concatenation of windows ▷ family counts preserved exactly
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Design rationale. The global shuffle followed by mini-epoch reshuffling avoids the grouped
ordering in which the optimiser would see one objective for long contiguous stretches. It
gives a statistically mixed stream while the exact family counts are preserved. The 85/15
modality split and the task boosts together counteract the raw inventory imbalance (the
gridded set is dominated by climate and static fields, Figure 13) so that the human-system
and climate fields central to the model’s purpose receive adequate gradient.

A.18 Optimisation

Optimiser and precision. AdamW (Loshchilov and Hutter, 2019) with peak learning
rate ηmax = 1.2× 10−4, weight decay 0.01, β = (0.9, 0.999); gradients clipped to ∥∇∥2 ≤ 1.0;
bf16-mixed precision; effective batch 8192. Orthogonal initialisation (Saxe et al., 2014)
is applied to all non-positional-encoding parameters; the location and time encoders are
excluded so they keep their WIRE/hash/Fourier-specific initialisations (§A.4.1, §A.4.4).

Learning-rate schedule. A single training scale (the spatial-scale curriculum is off; §A.19)
of E = 128 epochs: exponential warmup for w = 5 epochs from η0 = 10−6 to ηmax, then
cosine decay to ηmin = 10−6 (Loshchilov and Hutter, 2017),

η(e) =

η0 (ηmax/η0)
e/w, 0 ≤ e < w,

ηmin + (ηmax − ηmin) · 12
(
1 + cosπ e−w

E−w−1

)
, w ≤ e ≤ E−1.

(39)

The scheduler advances then applies (no one-epoch lag), so the final trained epoch lands
exactly on ηmin. The implementation is a per-scale scheduler that resets a full warmup→cosine
cycle at each curriculum scale; with the curriculum disabled it runs as a single cosine over
all 128 epochs (Fig. 16).
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Figure 16: The learning-rate schedule (Eq. 39): a 5-epoch exponential warmup from η0 = 10−6

to the peak ηmax = 1.2×10−4 (shaded), followed by a single cosine decay back to ηmin = 10−6

over the remaining 123 epochs. Advance-then-apply stepping makes the final epoch land
exactly on ηmin.

Weight EMA. An exponential moving average of the weights with decay 0.9999, ramped
linearly over the first 2000 steps, is maintained on-GPU. Evaluation, mid-training plots, and
checkpoints are produced for both the raw and the EMA weights.
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Design rationale. Advance-then-apply stepping matters because it guarantees the finest
training reaches ηmin exactly at the last epoch. The EMA provides a lower-variance weight
estimate for evaluation and is checkpointed separately as the sibling of each raw checkpoint,
so raw and EMA weights from the same selected training state can be compared post-hoc
without retraining.

A.19 Active-learning resampling

Every KAL = 2 epochs the per-task evidential uncertainty is recomputed on held-out points
and used to reweight the reconstruction task sampler, so that tasks the model is most
uncertain about receive more gradient in the next interval (Lewis and Gale, 1994; Settles,
2009). Coverage is per-task by construction: the callback iterates over the live sampler’s
task set and draws n = 64 validation points for every task, so none is left at its default
weight merely because it did not appear in a random validation slice. For each task t it forms
the mean total uncertainty ut =

〈
σ2
alea + σ2

epi

〉
(Eq. 23), dropping imputed off-support cells,

smooths it with an EMA ūt ← d ūt + (1−d)ut (d = 0.5) to avoid thrashing, and converts the
smoothed signal into a multiplicative adjustment of the task’s base probability:

mt = clip
((

ūt/⟨ū⟩
)s
, mmin,mmax

)
, pt ∝ p0t mt, s = 2.0, [mmin,mmax] = [0.5, 2.0].

(40)
The exponent s tunes aggressiveness (larger s sharpens the reweighting) and the clamps
bound how far any task may drift from its prior. The callback logs diagnostic statistics each
pass (mean/percentile uncertainty, the sampling-distribution entropy and its KL to the base,
the effective sample size, and the clip rates) for monitoring.

Algorithm 6 Evidential active resampling (every KAL epochs)

Require: base probabilities p0, decay d, strength s, clamps mmin,mmax, budget n
1: for each task t in the live sampler do
2: draw n held-out points; evaluate (µ, ν, α, β); drop imputed cells
3: ut ←

〈
β/(α−1) + β/(ν(α−1))

〉
▷ mean total uncertainty

4: ūt ← d ūt + (1−d)ut ▷ EMA; init ūt = ut

5: ⟨ū⟩ ← meant ūt
6: for each task t do
7: mt ← clip

(
(ūt/⟨ū⟩)s,mmin,mmax

)
; wt ← p0t mt

8: push pt ← wt/
∑

t′ wt′ into the sampler; append audit log
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Design rationale. The 2× 2× 2 ablation study crosses the spatial-scale curriculum, active
learning, and the evidence coefficient and finds active resampling to be the single most
valuable training-time lever: it lowers reconstruction error by ∆̂RMSE = −0.052 (a large
effect at d = −0.89) and roughly halves the calibration NLL, and every cell on the accuracy–
calibration Pareto front is an active-learning cell. The same study finds the spatial-scale
curriculum significantly hurts reconstruction (∆̂RMSE = +0.027): a plausible explanation is
that the multi-resolution hash branch of the location encoder (§A.4.1) is designed to ingest
high-resolution detail from the outset, so spending early budget at coarse resolutions wastes
capacity the model would otherwise use for fine structure. The curriculum is therefore
switched off, and the winning cell is the final recipe: sc-off ·al-on ·λev=0.3, which is
rank-one across all three seeds.

Part G. Evaluation

Validation runs every 3 epochs over up to 200 batches and reports three families of met-
rics: reconstruction accuracy(§A.20), uncertainty calibration and sharpness (§A.21), and
representation diagnostics (§A.22). Metrics are computed in standardised space.

A.20 Reconstruction accuracy

For each task t with pooled held-out predictions {(ŷi, yi)}i∈Vt (point estimate ŷ = µ), we
compute

RMSEt =
√

1
|Vt|
∑

i(ŷi − yi)
2, MAEt =

1
|Vt|
∑

i |ŷi − yi|, (41)

R2
t = 1−

∑
i(ŷi − yi)

2∑
i(yi − ȳ)2

, ρt =

∑
i(ŷi − ¯̂y)(yi − ȳ)√∑

i(ŷi − ¯̂y)2
√∑

i(yi − ȳ)2
, (42)

(ρt is Pearson correlation). For per-field comparisons we also report PSNR, PSNRt =
10 log10

(
range(yt)

2/MSEt
)
, computed in standardised space (the range2/MSE ratio is in-

variant under the affine de-standardisation, so the value coincides with its physical-unit
counterpart); it is the standard image-reconstruction quality measure and makes heteroge-
neous fields comparable on a decibel scale. Aggregates are reported overall (the selection
metric is the task-mean RMSE) and split by modality (RMSEgrid, RMSEcountry, and the
corresponding mean correlations), since the two geometries have different difficulty profiles.

A.21 Calibration and sharpness

Calibration is assessed through the probability integral transform (PIT) of the held-out
targets under a Gaussian moment-match of the predictive, N

(
µ, σ2=σ2

alea + σ2
epi

)
, where

σ2 = β/(α−1)+β/(ν(α−1)). With standardised residual zi = (yi−µi)/σi and PITi = Φ(zi),
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a well-calibrated predictive yields PIT values uniform on [0, 1]. We report:

NLL =
〈
1
2 log(2πσ

2
i ) +

(yi−µi)2
2σ2

i

〉
, sharpness = ⟨σi⟩, (43)

ECE (Kuleshov et al., 2018) = 1
B

∑B
b=1

∣∣F̂ (PIT≤eb)− ēb
∣∣, KS-PIT = sup

u

∣∣F̂PIT(u)− u
∣∣,

(44)

Covℓ =
〈
1[ |yi − µi| ≤ zℓ σi]

〉
, ℓ ∈ {0.50, 0.80, 0.95},

(45)

where B = 10 equal-width PIT bins have right edges eb and centres ēb, F̂ is the empirical
CDF, zℓ = Φ−1(1+ℓ2 ) is the two-sided normal quantile, and 1[·] the indicator. NLL summarises
overall calibration; sharpness is the mean predictive width (lower is sharper, to be read jointly
with calibration); ECE, in the binned form of Guo et al. (2017) applied to the probability
integral transform rather than to classifier confidence (Kuleshov et al., 2018), and KS-PIT
measure deviation of the PIT from uniformity (the former binned, the latter a supremum
statistic); and coverage compares the empirical frequency of targets inside the nominal ℓ
interval against ℓ.
Design rationale. The marginal predictive is a Student-t (Eq. 22), but its aleatoric/epistemic
split is not exactly separately identifiable from the likelihood (Meinert et al., 2023); cal-
ibration therefore uses their summed predictive variance for PIT/ECE/coverage, rather
than attempting to validate the two components separately. Calibration is reported as a
co-equal diagnostic and deliberately kept out of model selection, which uses RMSE only:
this avoids selecting a model that is well-calibrated but inaccurate. The width cap (26)
supplies the scale prior that makes the moment-matched Gaussian a faithful summary on
z-scored targets.

A.22 Representation diagnostics

Alignment retrieval. For each external bank, the projected source and target embeddings
give a cosine-similarity matrix whose diagonal is the positive pair. We measure top-1 accuracy,
recall@5/@10, mean reciprocal rank, median rank, the median great-circle error of the top-1
retrieval (km), the fraction retrieved within {25, 100, 500} km, and the mean positive cosine, a
battery that captures both how often the correct location is retrieved and how geographically
close the mistakes are.

Intrinsic dimension. The latent geometry of each encoder is summarised by the intrinsic
dimension of its embeddings. Two batteries are used. Validation during training logs TwoNN
(Facco et al., 2017), which fits the distribution of the ratio of second- to first-nearest-neighbour
distances, together with a local-PCA estimate. The post-hoc latent-geometry analysis uses
the Levina–Bickel local maximum-likelihood estimator (Levina and Bickel, 2004), whose
pointwise estimate from k neighbours is m̂i =

[
1

k−1

∑k−1
j=1 log

rk(i)
rj(i)

]−1 (rj(i) the distance to
the j-th neighbour), together with method-of-moments, TLE (Amsaleg et al., 2019), and
FisherS (Albergante et al., 2019) estimates. Reporting global and pooled-local estimates
across estimators guards against the failure modes of any single method, and the intrinsic
dimension is used qualitatively to compare how the continuous, lookup, and hybrid encoders
organise their latent space.
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A.23 Adaptation to unseen tasks

The training objective (Part C) fits the T = 1,024 reconstruction tasks of the taxonomy
(§A.3); a foundation model earns its name only if a task absent from that set can be attached
cheaply afterwards. This section specifies how a frozen TerraNova is adapted to an unseen
regression target: the parameter surface on which adaptation acts, the family of adaptation
operators we compare around the native MiSS operator, how a new task embedding is
initialised, and the held-out protocol under which adaptation skill, calibration, and cost are
scored. The protocol is specified here; the quantitative study is reported in the main text.

A.23.1 The adaptation surface

The task encoder is a pure lookup Eτ ∈ RNτ×256 whose final rows are reserved for dynamic
registration (§A.4.6). Adapting to an unseen task τ⋆ first instantiates one such row, eτ⋆ =
N256

(
Eτ [τ

⋆]
)
. The native operator then learns that row jointly with Matrix Shard Sharing

(MiSS) (Kang and Yin, 2026) residuals on the linear maps ℓ ∈M of the task·ST fusion. For
the row-vector convention used here,

f̃ℓ(h) = hW⊤
ℓ + (hAℓ)B:,:doutℓ

, Aℓ ∈ Rd
in
ℓ ×r, B ∈ Rr×d

out
max . (46)

Each map has its own trainable input factor Aℓ, whereas one trainable output factor B is
shared across maps and sliced to doutℓ ; the frozen base map Wℓ is never modified. This differs
from the published operator in where the sharing happens: MiSS ties one block within a
layer across shards of its output dimension, whereas we tie the output factor across layers.
Adaptation uses r = 4 over all eligible maps in the 16-block task·ST fusion. This gives

256 + 4
∑
ℓ∈M

dinℓ︸ ︷︷ ︸
99,840

+4 doutmax︸︷︷︸
4,096

= 416,000 (47)

trainable scalars, including the fresh task row. The one exception is the gridded label-budget
sweeps, which fix r = 8 and therefore train 831,744 scalars; every other adaptation result uses
the rank-4 operator. The location and time encoders, spatiotemporal fusion, hypernetwork,
evidential head, base task·ST weights, and all existing task rows remain frozen.

The two learned components play complementary roles. Moving eτ⋆ locates the variable
in the pretrained task geometry; the shared MiSS shard and layer-specific factors allow a
low-rank correction to how that new task interacts with the spatiotemporal state before
decoder generation. The resulting adapter is stored and activated with τ⋆. With it inactive,
all pretrained-task computations remain bit-identical to the base model.

Design rationale. This is the operational form of the premise stated in §A.2 and §A.7.5:
the pretrained embedding geometry is the transfer substrate, while MiSS supplies limited
interaction capacity when a new target cannot be represented by moving one task vector
alone. Sharing B across the fusion maps makes that correction substantially smaller than
an independent low-rank adapter at every layer. Because neither base weights nor old task
rows change, adapters can be registered per task without cumulative fine-tuning drift.
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A.23.2 A ladder of adaptation operators

Given a labelled adaptation set Dτ⋆ = {(ui, ti, yi)}ni=1 at label budget n, every operator
minimises the same standardised mean-squared error on the predicted mean,

Ladapt =
〈(
µθ(τ

⋆, ui, ti)− ỹi
)2〉

, ỹi = per-task z-score of yi (§A.14), (48)

with Adam under a per-operator step budget (the single-vector and PEFT operators run 2×
the base step count; the heavy operators are capped at 150 steps). The cost measurements
reported separately do not use this schedule: there every gradient operator runs the same
800 steps, so that wall-clock compares operators at equal work rather than at equal budget.
In both cases the operators differ only in which parameters are unfrozen (Table 8). LetM
index the linear maps of the task·ST fusion (§A.6.2), the PEFT target, with in/out widths
dinℓ , d

out
ℓ . MiSS at r = 4 is the native operator used for the main adaptation results; the

remaining rows form the controlled capacity–cost ladder.

Table 8: Adaptation operators, ordered by trainable-parameter count. All fit µ by Eq. (48);
r is the PEFT rank. The linear probe touches no model weights (a ridge read-out of the
frozen spatiotemporal embedding); every gradient operator masks the embedding gradient to
the single new row of Eτ , so the 1,024 trained task vectors are preserved exactly.

operator trained quantity trainable parameters

linear probe ridge weights on frozen zst (no model grad.) 256+1
task embedding eτ⋆ only (lower-capacity baseline) 256
VeRA (r) eτ⋆ + per-layer scales (dℓ,bℓ), shared frozen A,B 256 +

∑
ℓ∈M(r + doutℓ )

MiSS (r = 4) eτ⋆ + {Aℓ}, single shared B 416,000
LoRA (r) eτ⋆ + adapters AℓBℓ 256 +

∑
ℓ∈M r (dinℓ + doutℓ )

finetune-last eτ⋆ + last two task·ST blocks + output proj. block-dependent

(decoder / full) hypernetwork+head / all θ upper bounds

The probe (Alain and Bengio, 2016) and the task-embedding baseline touch no backbone
weights at all; the PEFT operators (LoRA (Hu et al., 2022), MiSS (Kang and Yin, 2026),
VeRA (Kopiczko et al., 2024)) add low-rank residuals to the task·ST fusion; finetune-last
unfreezes its top blocks; decoder/full fine-tuning are included only as upper bounds. Each
weight-space operator carries its own learning rate: a 256-vector tolerates a large step whereas
weight-matrix adapters diverge unless the step is much smaller, and sharing one learning rate
across operators is the single largest source of an unfair parameter-efficiency comparison.

A.23.3 Initialising a new task embedding

The reserved row is initialised on the same sphere of radius
√
256 (Eq. N) as the trained

tasks, then optimised. We consider three initialisers: the arithmetic mean of the trained rows
(used as-is); the spherical mean (the ℓ2-renormalised mean of the unit directions, rescaled to
the mean trained-row norm); and random-sphere (a seeded random unit direction, rescaled
likewise). A grid over (initialiser, learning rate) selects random-sphere as the default: it is
best-or-tied everywhere and, unlike the two mean initialisers, never collapses a fit into a
near-constant field.
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Design rationale. A centroid warm start can sit in a flat, low-loss basin for the task-row
component, where the gradient on eτ⋆ is weak and the optimisation can stall at a degenerate
(near-constant) decoder; a random point on the sphere breaks that symmetry while the
fixed-radius convention keeps the new row at the same scale as trained tasks in every
attention logit it feeds.

A.23.4 Held-out evaluation protocol

Splits. Adaptation is scored under a split that stresses generalisation of the new task across
space, complementary to the held-out-time validation used in training (§A.16). Country tasks
use a group split: a fixed fraction of whole countries is held out, so the task is fit on some
nations and tested on entirely unseen ones. Gridded tasks use a spatial-block split: contiguous
longitude/latitude blocks are assigned wholesale to train or test, so spatial autocorrelation
cannot leak a memorised neighbour across the boundary. The label budget n subsamples the
train side only; the held-out side V is fixed across budgets and operators.

Skill. Point skill on the standardised target uses the Pearson correlation ρ and the
RMSE/MAE of §A.20. For time-varying tasks we additionally report the anomaly cor-
relation, the Pearson correlation after removing each location’s temporal mean,

ρanom = corr
(
ŷi − ¯̂yℓ(i), yi − ȳℓ(i)

)
, ℓ(i) the location of sample i, (49)

over locations sampled at least twice. It isolates inter-annual skill and is ≈ 0 for a predictor
that only fits the spatial climatology, so it is the decisive metric on country×year tasks,
where there is no spatial structure to exploit.

Calibration. The operators of Table 8 fit only µ, so the predictive width (ν, α, β) at the
new task is whatever the frozen hypernetwork emits for eτ⋆ . Because the mean is re-fit while
the width is not, the inherited width can be globally mis-scaled on the new task; before
scoring we therefore apply one recalibration constant per task, fitted on data disjoint from
the side that is scored, and log the uncalibrated (raw frozen-head) coverage alongside. Two
forms are used: σ-scaling, σ ← s σ with s2 =

〈
(y − µ)2/σ2

〉
estimated on the adaptation

train split, and a split-conformal multiplier fitted directly at the nominal level, which is the
interval reported and drawn in the main text. Under the same Gaussian moment-match
as §A.21, σ2 = σ2

alea + σ2
epi (Eq. 23), we report the 90% interval coverage (Eq. 45) and the

closed-form Gaussian CRPS (Gneiting and Raftery, 2007),

CRPS
(
N (µ, σ2), y

)
= σ

[
z
(
2Φ(z)− 1

)
+ 2φ(z)− 1√

π

]
, z = y−µ

σ , (50)

with φ the standard-normal density. Because the shape of the width is inherited rather than
re-fit: recalibration adjusts one global scalar: these diagnostics measure whether the model’s
pretrained uncertainty transfers to an unseen task up to a single scale factor.

Cost. Each adaptation is logged with its trainable-parameter count (Table 8) and its
wall-clock fit time on a single GPU, so skill is always reported jointly with the label and
compute budget that produced it.
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Design rationale. The group and spatial-block splits make the test a genuine new-region
generalisation rather than an interpolation among autocorrelated neighbours, which a
random per-sample split would silently allow. Reading calibration off the frozen head,
rather than re-fitting a variance model (only a single global scale is recalibrated, on the
train split), is deliberate: the question a foundation model must answer is whether its own
uncertainty remains trustworthy on a task it was never trained on.

Algorithm 7 MiSS adaptation of a frozen TerraNova
Require: frozen θ, task encoder Eτ , labelled set Dτ⋆ , budget n, steps S, rank r = 4, lrs

(ηe, ηm), init ∈ {mean, sph, rand}
1: register a new id τ⋆ in a reserved row of Eτ ; initialise Eτ [τ

⋆] on the sphere of radius√
256 (init)

2: freeze all base parameters and existing task rows
3: for every eligible fusion map Wℓ, attach Aℓ; create shared B as in Eq. (46); initialise

Aℓ ∼ N (0, 0.012) and B = 0
4: mark only Eτ [τ

⋆], {Aℓ}, and B trainable
5: split Dτ⋆ (group / spatial-block); subsample train to n; z-score by train statistics (§A.14)
6: for s = 1, . . . , S do
7: sample a minibatch; µ̂← µθ(τ

⋆, ·) via Eqs. (16)–(19)
8: L ← ⟨(µ̂− ỹ)2⟩; backprop; mask the embedding gradient to row τ⋆; Adam step with

(ηe, ηm)

9: return held-out ρ, ρanom, RMSE, Cov0.9, CRPS, trainable-parameter count, walltime

Part H. Reference
This Part collects the consolidated hyperparameters (§A.24) and the reproducibility and
compute setup; the mapping from each component to the study that selected it is provided
in the ablation appendix. All values are the resolved evidential_full_512_drop015_tr2048
settings.

A.24 Hyperparameters

Table 9 consolidates every resolved hyperparameter: encoders, fusion, decoder, objective,
optimisation, and data; values differing from the ablation common width or the main-text
draft are flagged in the ablation appendix.
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Table 9: Production hyperparameters (consolidated).

group parameter value

location enc.

WIRE U-Net widths [512, 1024, 2048, 4096, 2048, 1024, 512]
WIRE (ω0, s0, ω

first
0 ) (10, 10, 30)

hash (L,F, log2|T |, Nmin, Nmax) (16, 4, 16, 16, 1024)
gate init / clamp 1.386 / [0.15, 0.85]

country enc. table dim / MLP (depth,width) 64 / (4, 256), SiLU, LN
time enc. arch / dim / width / depth / K residual / 32 / 256 / 4 / 32

year normalisation [tmin, tmax] [1900, 2035]
transport mode / δ-enc / depth / width residual-add / Fourier+RBF / 4 / 256

∆max / δ-Fourier / δ-RBF 4 / 16 freq. (32-D) / 16 (ς0=0.15)
task enc. arch / dim embedding-only / 256

ST fusion type / width / heads / depth / out Tr-A / 1024 / 16 / 8 / 256
residual gate init (α) −1.1 (g≈0.275)

task·ST fusion type / width / depth / out Tr-A / 1024 / 16 / 512
decoder hypernet hidden / depth 512 / 1

generated hidden H / weight-norm 32 / row-ℓ2
NIG head mode / σmax single / 3

objective
λev / κ / Wmax / p 0.3 / 0.1 / 3 / 1
category weights (rec,tr,geo,cl) (1, 1, 1, 0.25)
contrastive temperature τT / geo negs / excl. 0.07 / 32 / 50 km

training

epochs / batch 128 / 8192
optimiser / lr / wd / clip AdamW / 1.2×10−4 / 0.01 / 1.0
warmup / ηmin / precision 5 ep / 10−6 / bf16-mixed
embedding / general dropout 0.15 / 0.15
EMA decay / warmup 0.9999 / 2000 steps
per-epoch (rec,tr,geo,cl) (32768, 512, 256, 256)
AL: K / n / s / d / clamp 2 / 64 / 2.0 / 0.5 / [0.5, 2.0]

data
gridded / country tasks 512 / 512
split / holdout yrs / val frac / seed temporal-year / 3 / 0.02 / 42
country fraction / OCN fraction 0.15 / 0.10
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Appendix B. Full Ablation Programme

B.1 Ablation Studies

B.1.1 Overview

As we have described, TerraNova is composed of a set of modular representation, fusion,
transport, and objective components. A fully combinatorial ablation over all such design
choices, compounded with optimization hyperparameter choices, would be both computation-
ally prohibitive and difficult to interpret, since multiple interacting changes could improve or
degrade performance simultaneously. Inspired by the engineering process of modern neural
network architectures Liu et al. (2022), we adopt a sequential ablation strategy in which
a single component family is varied at a time while all remaining components are either
fixed or disabled. After each study, the strongest configuration is promoted and used as the
default choice in subsequent stages.

Unless otherwise stated, all ablation studies follow the same two-stage protocol. When
computationally feasible, we first perform a screening phase in which each candidate con-
figuration is trained with a single seed over a shared learning-rate sweep, to find suitable
optimization setups for each configuration. We then perform a confirmation phase in which
the best learning rate for each configuration is retrained with three seeds, a longer opti-
mization budget, and cosine learning-rate decay. This procedure allows us to explore broad
configuration spaces efficiently while still basing final decisions on more stable multi-seed
comparisons.

Each component is evaluated on a benchmark matched to its intended role in the full model.
Spatial encoders are assessed on multitask geospatial field reconstruction, country encoders
on country-level panel reconstruction, temporal encoders on global temporal trend encoding,
and compositional modules such as transport or fusion on downstream benchmarks that
require interaction between multiple pretrained components. This design avoids evaluating
every module on the same proxy task, and instead measures each one under the setting
in which it is expected to contribute most directly. For every experiment, unless stated
otherwise, we use the AdamW Loshchilov and Hutter (2019) optimizer. The remainder of
this section follows the same structure for each component family: we first motivate the
corresponding design question, then describe the configurations tested, report the main
empirical results, and finally state the configuration that is carried forward into the next
stage of the ablation setup.
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B.1.2 Location encoder

Motivation

Figure 17: Ablation scope. The location input, location encoder, and location embedding
are varied across a 44-variant search space (12 standalones + 32 cross-family hybrids), of
which 38 variants advance to the confirmation phase. Every other TerraNova block is held
fixed and participates only as the shared task head. The benchmark is WorldTensor restricted
to 51 gridded fields available in the 2015 reference year.

TerraNova’s spatial pathway must reconstruct fields whose spatial irregularity spans
several orders of magnitude, from zonally smooth climatological means (sea level pressure
or mean temperature) to sparse, high-frequency geographic rasters (population density,
wildfire area). The literature in computer graphics and implicit neural representations has
presented several approaches for encoding 3-dimensional signals, optimizing for precision,
speed, smoothness, or generalization. Overall, we categorize existing approaches into two
families of functions that can be used for encoding location embeddings from raw coordinates
(ϕ, θ):

1. Continuous implicit neural representations (INRs) like Sinusoidal Representation
Networks (SIREN) (Sitzmann et al., 2020), Wavelet Implicit Neural Representations
(WIRE) (Saragadam et al., 2023), Fourier Feature Networks or Neural Radiance Field
(NeRF) positional encodings (Mildenhall et al., 2022; Tancik et al., 2020), or spherical
harmonics (SH) (Rußwurm et al., 2024; Rao et al., 2026) applied to geographical data
introduce a local smoothness prior that excels on smoother fields but is bandwidth-
bounded: they struggle to express the high-frequency, locally discontinuous detail
demanded by sparse rasters, which are common in gridded socioeconomic datasets.
This has been the most common approach in the geospatial embedding literature.

2. Lookup-table (LUT) encodings : multi-resolution hash grids (Müller et al., 2022),
Gaussian splatting (Kerbl et al., 2023), or tri-planes (Shue et al., 2023) introduce a
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local, high-capacity prior that excels on discontinuous fields but tends to leak noise on
smooth targets because their representation is globally unregularised.

This ablation isolates the location encoder block of the TerraNova architecture (Fig. 17) and
asks whether a single coordinate backbone can dominate both regimes, or whether a principled
combination of different approaches is required. We consider 12 standalone backbones, then
form cross-family gated hybrids between the top-4 continuous and top-4 LUT standalones,
yielding 32 hybrid variants and 44 active configurations in total on 51 geospatial fields from
the WorldTensor benchmark. Our goal in this experiment is to design an architecture that
can handle both the continuous and smooth patterns common in atmospheric data, and the
high-frequency and sparse characteristics of socioeconomic, infrastructure, and settlement
data. The design of this location encoder can play a very significant role in the overall
performance of the full model, and we therefore use a significant budget of the total ablation
study into this key component.

B.1.3 Encoder zoo

Let c = (λ, ϕ) ∈ [−180, 180)× [−90, 90] denote a (longitude, latitude) pair in degrees, and
let fθ : R2 → R128 be the function we wish to fit. All backbones share the same output
dimension d = 128. Below, we list our neural architecture designs, and their sizes in terms
of layers or neurons per layer. Note that, unless stated otherwise, these were chosen so the
amount of trainable parameters is comparable across model families.

Simple SIREN. A fully-connected network with sine activations σω(u) = sin(ω0u), ω0 =
30, initialised following Sitzmann et al. (2020):

fθ(c) = WL σω

(
WL−1 σω(· · ·σω(W1 g(c) + b1) · · · ) + bL−1

)
+ bL, (51)

with hidden widths [704, 704, 1408, 2816, 5632, 2816, 1408, 704, 704] and WrapNorm input g(c)
(Sec. B.1.4).

Residual SIREN. A SIREN of widths [512, 512, 1024, 2048, 4096, 4096, 2048, 1024, 512, 512]
with pre-activation residuals He et al. (2016a) between layers of matching width (scale-matched
skip projection where the widths differ).

SIREN U-Net. U-shaped SIREN of widths [512, 1024, 2048, 4096, 2048, 1024, 512] with
symmetric skip connections between encoder- and decoder-side layers of equal width. This
kind of architecture has shown success in both generative models and location encoding of
high-frequency spherical and hemispherical data (Rußwurm et al., 2024).

WIRE U-Net. SIREN U-Net with the sine activation replaced by the complex Gabor
wavelet of Saragadam et al. (2023):

σWIRE(u) = exp(j ω0u) exp(−|s0u|2), (52)

with ω0 = 10, s0 = 10 in the recurrent layers and ω0,init = 30 in the first layer. These models
have shown to encode high frequency patterns better than sinusoidal INRs.
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SH + SIREN U-Net. Following Rußwurm et al. (2024), a SIREN U-Net preceded by a
real spherical-harmonic basis with legendre_polys=8, yielding a 64 dimensional SH feature
that is passed through the U-Net. A similar approach was presented in Klemmer et al.
(2025).

NeRF PE + MLP. Deterministic multi-band Positional Encoding following the seminal
NeRF definition (Mildenhall et al., 2022): γL(x) = [sin(2kπx), cos(2kπx)]L−1

k=0 with L = 8,
applied elementwise to Cartesian-3D coordinates, followed by a residual MLP. A similar
approach was presented in Vivanco Cepeda et al. (2023).

Spherical Harmonics + MLP. The same 64-dimensional real SH basis used above,
followed by a residual MLP.

Hash Grid (S/M/L). Multi-resolution hash encoding (Müller et al., 2022): L levels of
a hash table with T rows and feature dim F , with per-level resolutions Nℓ = Nmin · bℓ and
b = (Nmax/Nmin)

1/(L−1). We keep F = 4, Nmin = 16, and sweep the capacity axis with

S : L = 8, T=214, Nmax = 256;

M : L = 12, T=215, Nmax = 512;

L : L = 16, T=216, Nmax = 1024.

Coordinates are passed as longitude/latitude in degrees and normalised internally to a
wrapped [0, 1)× [0, 1) grid (Sec. B.1.4). This sort of model acts as a multi-resolution LUT
and has shown significant success in computer graphics for quickly encoding high-frequency
data.

RBF + MLP. K = 256 learnable Gaussian centres µk ∈ S2 with learned log-bandwidths
log σk; features ϕk(c) = exp(−∥xcart(c)−µk∥2/2σ2

k) are concatenated and passed to a residual
MLP.

Gaussian Splatting. K = 4096 learnable isotropic Gaussian splats Kerbl et al. (2023) on
the sphere with centres µk ∈ S2, log-widths log σk, opacity logits αk, and per-splat features
fk ∈ R256. Given Cartesian input x(c), the encoder computes

gk(c) = exp
(
− ∥x(c)− µk∥2/2σ2

k

)
, (53)

wk(c) = softmaxk(αk gk(c)), (54)

ϕ(c) =
∑
k

wk(c) fk, (55)

followed by a residual MLP decoder to R128.

B.1.4 Coordinate preprocessing

Each backbone receives one of four fixed coordinate transforms, denoted g(·) throughout the
zoo:

WrapNorm Used by all SIREN/WIRE variants. Maps (λ, ϕ) to a wrapped 5-dimensional
spherical feature with an additional π/2 longitude phase shift, allowing for a simple
yet effective encoding with no discontinuities at the meridian:

gWN(λ, ϕ) =
(
cosϕ cosλ, cosϕ sinλ, sinϕ, cosϕ cos(λ+ π

2 ), cosϕ sin(λ+ π
2 )
)
∈ R5.
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Cartesian 3D Used by NeRF PE, RBF, and Gaussian splatting. Maps a geodesic coordinate
pair to the unit sphere:

gC3(λ, ϕ) =
(
cosϕ cosλ, cosϕ sinλ, sinϕ

)
.

Spherical Used by Spherical Harmonics. The implementation shifts to φ = deg2rad(λ+180)
and θ = deg2rad(ϕ+ 90) before evaluating the SH basis functions.

Raw degrees Used only as the public interface to the hash-grid variants. Internally the
encoding wraps longitude, clamps latitude, and maps (λ, ϕ) to [0, 1) × [0, 1) before
querying the multi-resolution tables.

B.1.5 Gated hybrid construction

Given two standalone backbones fA, fB : R2 → R128, the gated hybrid is

ã = LNA(fA(c)), b̃ = LNB(fB(c)), (56)

g = σ(α) ∈ (0, 1)128, α ∈ R128, (57)

z = g ⊙ ã+ (1− g)⊙ b̃, (58)

fhybrid(c) = C(z), (59)

where LNA,LNB are affine LayerNorms, α is initialised to zero so that g = 0.5 at step 0
(symmetric blend), and C is a post-combine head with two variants:

• linear: C(z) = Wz + b, with W = I, b = 0 at initialisation (identity-initialised, so the
hybrid reduces to the blend at step 0).

• mlp: C(z) = z + MLP(z), where MLP is a 4 × 256 GELU residual MLP with zero-
initialised final projection. This guarantees C(z) = z at step 0 and the MLP correction
is learned purely as a residual on top of the linear blend.

Our hybrid family fixes fA to one of {Simple SIREN, Residual SIREN, SH+SIREN U-Net,
WIRE U-Net} and fB to one of {Hash-S, Hash-M, Hash-L, Gaussian Splat}, yielding
4 × 4 = 16 pairs. Each pair is evaluated with both combiners, for 32 hybrid variants
in total. The per-dimension gate g serves also as a diagnostic: after training, the mean of g
over the 128 feature dimensions measures how much of the final embedding is contributed by
the continuous branch, and the std measures the spread of per-dimension specialisation.

B.1.6 Task heads and loss

The backbone output is LayerNormed again and fed to 51 independent linear task heads,
one per field:

ŷt(c) = w⊤
t LN(fθ(c)) + bt, t ∈ {1, . . . , 51}. (60)

Each field is z-score normalised at load time using the training split, so the task-loss is the
mean squared error in normalised space:

L(θ) = 1

T

T∑
t=1

1

|Bt|
∑

(c,y)∈Bt

(
ŷt(c)− y

)2
, (61)
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with T = 51 and |Bt| = 512. A single backbone forward pass serves all tasks in a step:
coordinates from all tasks are concatenated, embedded once, and routed to their respective
linear heads.

B.1.7 Training protocol

All runs use AdamW Loshchilov and Hutter (2019) (weight decay 0.05), gradient clipping
at ℓ2 norm 1.0, batch size B = 512 per task, and automatic mixed precision (bf16). The
embedding dimension is fixed to 128 for every variant. We hold out 5 000 validation points
per field (fixed seed for the data split); the remaining points form the training pool.

Phase 1: screening. 12 standalone backbones trained at seed 42 under a 7-point log-
uniform LR ladder {10−6, 3·10−6, 10−5, 3·10−5, 10−4, 3·10−4, 10−3}, flat LR, 5 000 steps,
eval every 500 steps.

Phase 2: hybrid screening. 32 hybrids trained across a 3-point local LR mini-sweep
chosen from the global ladder and centred on the median of the two parent best LRs,
one seed, 5 000 steps, to lock the per-hybrid LR before confirmation. The modal best
LR is 10−4 (29/32 hybrids); only Simple SIREN×Hash-M, SH+UNet×Hash-M, and
SH+UNet×Hash-S (MLP) peak at 3.16·10−4.

Phase 3: confirmation. 38 variants (the 6 best standalones plus all 32 hybrids) are re-
trained at their best LR with a cosine-with-warmup schedule (warmup fraction 5%),
15 000 steps, and three seeds {42, 137, 2024}.

Phase 4: extended runs (diagnostic). The top-3 confirmed variants are re-trained for
60 000 steps under the same cosine schedule at seed 42, to verify the short-budget ranking
holds under extended training. Results used only for sanity-checking convergence.

B.1.8 Evaluation

The primary metric is validation PSNR in physical (denormalised) units, averaged over the
51 fields:

PSNRt = 10 log10

 range(yt)
2

1
|Vt|
∑

(c,y)∈Vt

(
ŷt(c)− y

)2
 , PSNR =

1

T

∑
t

PSNRt. (62)

Unless stated otherwise, reported numbers are the mean ± one standard deviation over the
three confirmation seeds. SSIM, MAE, MSE, R2, Pearson ρ, and RMSE are also logged per
field for completeness (Table 11).

B.1.9 Results

The best performing model is the gated hybrid with linear combiner: WIRE U-Net×Hash Grid (L),
achieving PSNR = 43.05±0.08 dB at 50.1M parameters, and winning 30/51 fields against the
best standalone on each field (Table 11). The mlp-combiner variant is second at 42.98±0.08 dB.
The two combiners are indistinguishable in aggregate mean PSNR and in per-field rankings,
so the extra post-mix MLP is not warranted by its parameter overhead. This is generally true
for every hybrid: adding an MLP combiner provides no improvements in terms of accuracy
but they add unneeded computational overhead.
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Pareto frontier. Figure 18 places every confirmation variant in the (parameters, PSNR)
plane. The Pareto frontier has five points: the three Hash Grid standalones (Hash-S 2.2M /
40.14dB, Hash-M 3.3M / 40.83dB, Hash-L 5.9M / 41.38dB) in the low-parameter regime,
and the two best hybrids (Simple SIREN×Hash-M at 46.0M / 42.55dB and the winner
at 50.1M / 43.05dB) in the high-parameter regime. No standalone continuous backbone
is Pareto-optimal: WIRE U-Net (44.1M / 40.54 ± 0.05dB) and Simple SIREN (42.7M
/ 40.33 ± 0.02dB) are both strictly dominated by Hash-L, which uses roughly 7× fewer
parameters and attains higher PSNR. The winner dominates both standalone parents in
PSNR while trading parameters for accuracy in a principled way.

Figure 18: Efficiency Pareto. Parameter count vs. validation PSNR for every confirmation
variant. Points on the Pareto frontier are bolded; the star marks the winner. Log-scaled
x-axis.

Latent geometry. Figure 19 visualises a 3-component ICA projection of each encoder’s
learned 128-d embedding, and mapped to RGB. Continuous backbones produce smooth,
globally organised latent maps with strong zonal gradients; hash-grid LUTs produce high-
frequency, locally textured maps without a coherent global structure; the hybrids’ final
embedding (right panel of Fig. 20) blends both smooth zonal gradients carried by the
continuous branch plus high-frequency detail obtained from the LUT branch.

Per-field behaviour. Figure 21 renders winner, best continuous, and best LUT predictions
on 8 representative fields spanning the PSNR spectrum (easy at top, hard at bottom). The
smooth-vs-sparse regime boundary is visible within the figure:
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Figure 19: Latent embedding geometry across encoders. FastICA over the 128-
d location embedding, three components mapped to RGB. Rows correspond to family
(continuous, LUT, hybrid); subtitles report the mean confirmation PSNR. Hybrid panels
show the final embedding only (see Fig. 20 for the per-branch decomposition).

Figure 20: Winner’s per-branch ICA decomposition. Left: continuous branch (WIRE
U-Net) after LayerNorm, showing smooth zonal structure with low-frequency global gradients.
Middle: LUT branch (Hash Grid (L)) after LayerNorm, showing localised high-frequency
detail without global coherence. Right: final embedding after the per-dimension gate and
linear combiner. The final embedding inherits the global gradients from the continuous
branch and the sparse, discontinuous detail from the LUT branch.
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• Row 1 (so2) saturates the PSNR cap for all three models and serves mostly as a
sanity-check that trivially localised structure is easy for every backbone.

• On smooth and broad climatological fields (msl, t2m, blh), the hybrid is clearly best
and improves over both WIRE and Hash-L simultaneously.

• On moderately irregular ecological and land-management fields (evi, fertilizer), the
hybrid remains best or ties Hash-L while staying visibly less noisy than the pure LUT
baseline.

• On the hardest sparse/extreme fields (spi_03, population_density), WIRE out-
performs both LUT-heavier alternatives; the hybrid still stays above Hash-L on
population_density but gives back much of the WIRE advantage.

Quantitative regime boundary. Figure 22 makes the regime boundary explicit across
all 51 fields. For each field t we compute the paired per-seed delta ∆

(s)
t = PSNRwinner

s,t −
PSNRbaseline

s,t and plot the mean over seeds s ∈ {42, 137, 2024} with ±1 std error bars. Fields
with |∆̄t| < 0.25dB against both baselines are suppressed (6/51 fields), leaving 45 fields
where at least one comparison is meaningfully non-zero. We can observe that:

• The hybrid exceeds Hash-L on 39/45 shown fields and falls behind it on 6/45, so the
LUT branch is usually helpful but not uniformly dominated.

• The hybrid exceeds WIRE on 34/45 shown fields and falls behind it on 11/45. The clear-
est WIRE advantages occur on burned_area, livestock_cattle, livestock_chickens,
population_density, and several drought / land-cover fields (spi_03, spi_12, spei_12,
vegclass_*).

• The largest gain over Hash-L is +5.5 dB on msl_mean, and the largest gain over WIRE
is +7.7dB on the same field; the largest deficit to either parent is −3.9dB to WIRE
on burned_area.

The resulting picture is asymmetric rather than no-lose: the hybrid substantially improves
over Hash-L across most smooth and moderately irregular fields, but the continuous WIRE
parent retains a real edge on a noticeable sparse/extreme subset.

Tables. Table 10 lists Phase 1 results (best-LR PSNR per standalone backbone, seed 42).
Table 11 lists the Phase 3 confirmation leaderboard: mean ± std over three seeds, together
with parameter count and family tag.

Table 10: Location encoder screening results — 12 standalone backbones. Best learning
rate selected by maximum mean Val PSNR (single seed, seed 42). Winner highlighted.
Values computed on held-out validation points (skip_plots=True). Single seed (seed 42).
LR selected by highest mean Val PSNR across 51 WorldTensor fields.
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Figure 21: Predictions across 8 representative fields. Easy fields on top, hard fields at
the bottom. Columns from left to right: ground truth, winner (WIRE U-Net×Hash Grid
(L)), best continuous standalone (WIRE U-Net), best LUT standalone (Hash Grid (L)).
Per-panel badges show denormalised PSNR (dB).
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Figure 22: Per-field PSNR gain of the hybrid winner over the best continuous
and best LUT standalones. ∆t is the per-seed mean gain in dB; error bars show ±1 std
across three seeds. Fields sorted left-to-right by winner PSNR (hardest to easiest); fields
with both bars within ±0.25 dB are suppressed (6/51).

Backbone Family Params Best LR Val PSNR (dB)↑ Val MSE↓ Pearson r↑

Hash Grid (L) LUT 5M 3.16×10−4 40.02 0.1152 0.93

Hash Grid (M) LUT 3M 10−3 39.21 0.1116 0.93
Hash Grid (S) LUT 2M 10−3 38.50 0.0961 0.94
WIRE U-Net SIREN 44M 3.16×10−5 38.19 0.1028 0.93
Simple SIREN SIREN 42M 10−4 38.16 0.1044 0.93
Residual SIREN SIREN 78M 3.16×10−5 38.02 0.1024 0.93
SH + SIREN U-Net SIREN 44M 10−4 37.96 0.1073 0.93
SIREN U-Net SIREN 44M 3.16×10−4 37.95 0.1078 0.93
NeRF PE + MLP Fourier / PE 1M 10−3 37.12 0.1001 0.93
Sph. Harmonics + MLP Fourier / PE 1M 10−3 36.62 0.1313 0.91
RBF + MLP RBF / Kernel 2M 10−3 36.39 0.1422 0.91
Gaussian Splatting LUT 3M 10−3 33.33 0.2230 0.85
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Table 11: Location encoder confirmation results. Val PSNR (dB, ↑), Val MSE (↓), and
Pearson r (↑) averaged over 51 WorldTensor fields and 3 seeds. Best entry bold and
highlighted. Confirmation contains the 6 best standalones plus all 32 hybrids formed from
the top-4 continuous × top-4 LUT screening survivors. Values are mean ± s.d. across 3
seeds. Cosine LR schedule, best LR selected during screening. Hybrids use a per-dimension
learnable gate.
Backbone Family Params Val PSNR (dB)↑ Val MSE↓ Pearson r↑

WIRE U-Net × Hash Grid (L) Hybrid 50M 43.05 ± 0.08 0.1050 ± 0.0056 0.94 ± 0.00

WIRE U-Net × Hash Grid (L) (MLP) Hybrid 51M 42.98 ± 0.08 0.1062 ± 0.0017 0.94 ± 0.00
Simple SIREN × Hash Grid (M) Hybrid 46M 42.55 ± 0.07 0.0914 ± 0.0024 0.94 ± 0.00
Residual SIREN × Hash Grid (L) Hybrid 84M 42.47 ± 0.11 0.1184 ± 0.0064 0.93 ± 0.00
Residual SIREN × Hash Grid (L) (MLP) Hybrid 86M 42.45 ± 0.02 0.1097 ± 0.0017 0.93 ± 0.00
SH + SIREN U-Net × Hash Grid (M) Hybrid 47M 42.36 ± 0.11 0.0934 ± 0.0043 0.94 ± 0.00
Simple SIREN × Hash Grid (L) (MLP) Hybrid 50M 42.31 ± 0.05 0.1042 ± 0.0052 0.94 ± 0.00
WIRE U-Net × Hash Grid (M) Hybrid 47M 42.29 ± 0.04 0.0896 ± 0.0026 0.95 ± 0.00
Simple SIREN × Hash Grid (L) Hybrid 48M 42.25 ± 0.08 0.1050 ± 0.0033 0.94 ± 0.00
WIRE U-Net × Hash Grid (M) (MLP) Hybrid 49M 42.14 ± 0.07 0.0949 ± 0.0033 0.94 ± 0.00
SH + SIREN U-Net × Hash Grid (L) (MLP) Hybrid 51M 42.10 ± 0.02 0.1058 ± 0.0035 0.94 ± 0.00
SH + SIREN U-Net × Hash Grid (L) Hybrid 50M 41.94 ± 0.03 0.1117 ± 0.0020 0.93 ± 0.00
Residual SIREN × Hash Grid (M) Hybrid 82M 41.91 ± 0.02 0.0998 ± 0.0031 0.94 ± 0.00
SH + SIREN U-Net × Hash Grid (S) (MLP) Hybrid 48M 41.90 ± 0.09 0.0775 ± 0.0014 0.95 ± 0.00
Residual SIREN × Hash Grid (M) (MLP) Hybrid 83M 41.81 ± 0.03 0.0956 ± 0.0015 0.94 ± 0.00
Simple SIREN × Hash Grid (M) (MLP) Hybrid 47M 41.72 ± 0.01 0.0930 ± 0.0012 0.94 ± 0.00
WIRE U-Net × Hash Grid (S) (MLP) Hybrid 48M 41.52 ± 0.04 0.0760 ± 0.0013 0.95 ± 0.00
Residual SIREN × Hash Grid (S) Hybrid 80M 41.45 ± 0.07 0.0776 ± 0.0014 0.95 ± 0.00
WIRE U-Net × Hash Grid (S) Hybrid 46M 41.44 ± 0.03 0.0832 ± 0.0017 0.95 ± 0.00
Residual SIREN × Hash Grid (S) (MLP) Hybrid 82M 41.41 ± 0.01 0.0767 ± 0.0012 0.95 ± 0.00
Hash Grid (L) LUT 5M 41.38 ± 0.08 0.1171 ± 0.0104 0.93 ± 0.00

SH + SIREN U-Net × Hash Grid (M) (MLP) Hybrid 49M 41.36 ± 0.05 0.0913 ± 0.0038 0.94 ± 0.00
Simple SIREN × Hash Grid (S) Hybrid 44M 41.35 ± 0.07 0.0811 ± 0.0002 0.95 ± 0.00
Simple SIREN × Hash Grid (S) (MLP) Hybrid 46M 41.24 ± 0.01 0.0771 ± 0.0014 0.95 ± 0.00
WIRE U-Net × Gaussian Splatting (MLP) Hybrid 49M 41.03 ± 0.04 0.0740 ± 0.0008 0.95 ± 0.00
SH + SIREN U-Net × Hash Grid (S) Hybrid 46M 41.00 ± 0.04 0.0822 ± 0.0020 0.95 ± 0.00
WIRE U-Net × Gaussian Splatting Hybrid 47M 40.93 ± 0.05 0.0741 ± 0.0007 0.95 ± 0.00
Residual SIREN × Gaussian Splatting (MLP) Hybrid 83M 40.87 ± 0.04 0.0748 ± 0.0020 0.95 ± 0.00
Hash Grid (M) LUT 3M 40.83 ± 0.07 0.0937 ± 0.0032 0.94 ± 0.00

Residual SIREN × Gaussian Splatting Hybrid 81M 40.66 ± 0.02 0.0744 ± 0.0008 0.95 ± 0.00
WIRE U-Net SIREN 44M 40.54 ± 0.05 0.0747 ± 0.0006 0.95 ± 0.00

Simple SIREN × Gaussian Splatting (MLP) Hybrid 47M 40.48 ± 0.05 0.0754 ± 0.0002 0.95 ± 0.00
Simple SIREN SIREN 42M 40.33 ± 0.02 0.0782 ± 0.0004 0.95 ± 0.00

Simple SIREN × Gaussian Splatting Hybrid 45M 40.31 ± 0.04 0.0775 ± 0.0007 0.95 ± 0.00
Hash Grid (S) LUT 2M 40.14 ± 0.03 0.0784 ± 0.0002 0.95 ± 0.00

SH + SIREN U-Net × Gaussian Splatting (MLP) Hybrid 49M 39.97 ± 0.01 0.0786 ± 0.0008 0.95 ± 0.00
Residual SIREN SIREN 78M 39.78 ± 0.02 0.0806 ± 0.0003 0.95 ± 0.00

SH + SIREN U-Net × Gaussian Splatting Hybrid 47M 39.77 ± 0.03 0.0814 ± 0.0002 0.95 ± 0.00

B.1.10 Discussion

The ablation shows that the trade-off that separates implicit neural representations from
lookup-table encodings is architecturally mixable. A symmetric, identity-initialised gate
over LayerNormed sub-embeddings learns to route each latent dimension to the branch
whose inductive bias fits the per-dimension signal, and at inference the resulting hybrid is
the best overall confirmation variant while strictly outperforming both named parents on
31/51 WorldTensor fields and tying or beating the better parent on 40/51 (within a 0.25 dB
tolerance).
Three design choices matter:
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1. LayerNorm before the gate. Without it the two branches produce embeddings
at disparate magnitudes and the gate becomes a scale fixer rather than a routing
mechanism. LayerNormed branches isolate g to its intended role (per-dimension
mixture), which is what makes the gate values diagnostically meaningful.

2. Identity-initialised combiner. Both linear and mlp combiners are initialised so
that C(z) = z at step 0, guaranteeing that the hybrid reduces to a simple 50/50 blend
of its parents at initialisation. This yields stable initial training even when the two
branches are optimised at different effective learning rates.

3. Combiner complexity not warranted. The mlp combiner is indistinguishable from
the linear combiner in aggregate (Fig. 18, top two ranks), confirming that the gain is
from mixing two complementary priors, not from additional post-mix nonlinearity.

The remaining gaps concentrate on very sparse, extreme, and partly categorical fields,
suggesting a future direction toward per-task or spatially adaptive gating, or uncertainty-
aware branch selection that learns when to trust the continuous prior more heavily. We leave
this to the uncertainty extension of the model.
The chosen configuration is WIRE U-Net × Hash Grid (L) hybrid with a 128-
dimensional embedding. The ablation is run at 128 dimensions to keep the sweep
affordable; the production model scales the selected architecture to 256, as it does for the
other encoders.
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Figure 23: Country encoder ablation setup. Components marked in blue were fixed or
carried forward, components in orange were tested in this study, and inactive components
were not used. The experiment isolates country representation design while holding the rest
of the model scaffold fixed.

B.1.11 Country encoder

Motivation
The country encoder is intended to provide a compact representation of country identity
that can support a large number of country-level prediction tasks within a shared model.
Unlike the location encoder, its input is discrete and low-dimensional, so the main question
is not geometric expressivity but representational sufficiency: how much embedding capacity
is required to encode heterogeneous national attributes, and whether a learned nonlinear
refinement is useful beyond a plain embedding table. We therefore study the country encoder
as a representation-capacity benchmark rather than as a transfer or generalization benchmark.

Configurations tested
We evaluated two country-encoder families: a pure learned embedding table (obtained by
transforming ISO3 code into a One-hot encoded representation) and a learned embedding
followed by a residual MLP. For both families, we swept the embedding dimensionality over
{8, 16, 32, 64, 128}. The residual MLP used four hidden layers of width 256 with learned
residual scaling, matching the general design adopted in the other encoder studies. Each
configuration was trained in a shared multitask setting to reconstruct 150 country-level
variables at the target year 2015 over all available countries. Targets were standardized for
optimization and the model was trained with mean squared error. Following the common
ablation protocol, we first performed a single-seed learning-rate screening and then a three-
seed confirmation run at the best learning rate for each configuration.
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Figure 24: Country encoder ablation. Comparison of embedding-only and embedding-
plus-residual-MLP country encoders across embedding dimensionalities. Performance is
reported as mean standardized reconstruction error over the 150-task benchmark at year
2015, with error bars showing variability across seeds. The best overall configuration is
obtained with a 128-dimensional embedding followed by a residual MLP.

Let zc = Ec(c) denote the latent representation of country c, and let

ŷc,v = Dv(zc) (63)

be the prediction for variable v. The training objective is

Lcountry =
1

|V|
∑
v∈V

MSE(ŷc,v, yc,v) , (64)

where |V| = 150.

Results
The main result is shown in Fig. 24. Performance improves sharply with embedding di-
mensionality, indicating that the dominant bottleneck in this benchmark is representational
capacity rather than encoder depth. Small embeddings underfit the 150-task reconstruction
problem; accuracy improves substantially with dimensionality, with the largest gain between
64 and 128 dimensions (so 64 is not a saturation point but a capacity choice).
At the highest capacity, a plain embedding table is already highly competitive, which indicates
that much of the country-level signal can be captured by a sufficiently expressive discrete latent
representation. However, the best overall configuration is obtained by adding a residual MLP
on top of the 128-dimensional embedding. Table 12 shows that this configuration achieves
the lowest mean standardized reconstruction error, outperforming the plain 128-dimensional
embedding while remaining architecturally simple.
The family-wise analysis in Fig. 25 shows that this pattern is consistent across broad groups
of country-level variables rather than being driven by a small subset of tasks. In other
words, the gain from larger embedding size generalizes across heterogeneous socioeconomic,
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Figure 25: Country encoder performance by variable family. Performance trends
across major variable families as embedding dimensionality increases. The dominant effect is
improved representational capacity, while the residual MLP provides an additional gain once
sufficient embedding size has been reached.

institutional, and demographic targets. The residual MLP provides a smaller but still
consistent improvement once sufficient latent capacity has been reached.
Figure 23 summarizes the scope of this study. Only the country-encoding pathway is
varied, while the rest of the architecture remains inactive or fixed. This makes the resulting
comparison easy to interpret: the observed improvements can be attributed directly to
country representation design rather than to changes elsewhere in the model.

Conclusion
We select the country encoder consisting of a learned embedding followed by a residual MLP
as the default country representation for subsequent experiments. This choice provides the
best overall fit while remaining architecturally simple. The ablation also suggests that, for
country identity, embedding capacity is more important than architectural depth, and that
nonlinear refinement is beneficial only after sufficient latent dimensionality has been reached.
The production model deliberately operates this encoder at 64 dimensions — a capacity
trade-off that sacrifices some country-reconstruction accuracy so the low-dimensional country
pathway does not dominate the much higher-capacity spatial bus in the shared space; the
residual MLP is retained for its role in the full model, where the country encoder interacts
with the alignment objectives, even though in this isolated panel-reconstruction benchmark
it helps mainly at higher dimensionality.
The chosen configuration is a Residual MLP with a 128-dimensional embedding.

62



TerraNova — Supplementary Information

Standardized fit

Variant Best LR Trainable params MSE ↓ MAE ↓ R2 ↑

Embedding + MLP (128) 10−3 2,255,126 0.0002 ± 0.0000 0.0085 ± 0.0001 0.9998 ± 0.0000
Embedding (128) 10−3 84,886 0.0004 ± 0.0000 0.0125 ± 0.0002 0.9996 ± 0.0000
Embedding (64) 10−3 42,518 0.0226 ± 0.0001 0.1074 ± 0.0005 0.9774 ± 0.0001
Embedding + MLP (64) 10−3 2,179,926 0.0290 ± 0.0006 0.1220 ± 0.0012 0.9710 ± 0.0006
Embedding (32) 10−3 21,334 0.1317 ± 0.0005 0.2516 ± 0.0008 0.8683 ± 0.0005
Embedding + MLP (32) 10−3 2,142,326 0.1570 ± 0.0040 0.2705 ± 0.0032 0.8430 ± 0.0040
Embedding (16) 10−3 10,742 0.3068 ± 0.0031 0.3643 ± 0.0021 0.6932 ± 0.0031
Embedding + MLP (16) 10−3 2,123,526 0.3445 ± 0.0088 0.3879 ± 0.0058 0.6555 ± 0.0088
Embedding (8) 10−3 5,446 0.4923 ± 0.0049 0.4583 ± 0.0013 0.5077 ± 0.0049
Embedding + MLP (8) 10−3 2,114,126 0.5396 ± 0.0040 0.4825 ± 0.0023 0.4604 ± 0.0040

Values are mean ± s.d. across three confirmation seeds. Best values are shown in bold. The winning model,
Embedding + MLP (128), was selected by standardized reconstruction MSE.

Table 12: Country encoder confirmation results. Mean ± standard deviation across
confirmation seeds for the tested country-encoder configurations.

63



Rodriguez-Pardo and Tavoni

Figure 26: Time encoder ablation setup. Components marked in blue were fixed or
carried forward, components in orange were tested in this study, and inactive components
were not used.

B.1.12 Time encoder

Motivation
The time encoder is responsible for compressing calendar year into a compact latent rep-
resentation that can support a diverse collection of temporal prediction tasks. Unlike the
country encoder, its input is continuous and ordered, so the main design question is which
temporal inductive bias is most appropriate: direct scalar projection, periodic feature map-
pings, localized basis functions, or hybrid combinations thereof. We therefore study the
time encoder as a compact temporal representation problem, asking which architecture best
captures heterogeneous long-term trends under a strong dimensional bottleneck.

Configurations tested
We evaluated eight time-encoder configurations with a fixed output dimensionality of 8. Let
Et(·) denote the time encoder and let zt = Et(t) be the latent representation of year t. The
tested families differed in how the scalar year input was lifted into a feature basis before
projection into the latent space.
For the raw scalar family, the normalized year t is mapped directly to the latent space,
either through a single linear projection or through a residual MLP refinement. For the
Fourier family, the year is first mapped to a sinusoidal basis,

ϕFourier(t) = [sin(2πω1t), cos(2πω1t), . . . , sin(2πωKt), cos(2πωKt)] , (65)

where {ωk}Kk=1 denotes the set of Fourier frequencies. This basis is then projected to the latent
space, optionally followed by residual MLP refinement. We set K = 32 in this experiment.
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For the RBF family, the year is mapped to a radial basis expansion,

ϕRBF(t) =

[
exp

(
−(t− µ1)

2

2σ2

)
, . . . , exp

(
−(t− µM )2

2σ2

)]
, (66)

where {µm}Mm=1 are learned or fixed temporal centers and σ controls the basis width. This
representation is likewise projected to the latent space, optionally followed by residual MLP
refinement. We set M = 32 in this experiment.
We also evaluated two hybrid families. In Hybrid concat + MLP, the Fourier and RBF
expansions are concatenated before residual MLP refinement,

ϕhyb(t) = [ϕFourier(t), ϕRBF(t)]. (67)

In Hybrid gated + MLP, the two basis families are first projected into a shared hidden
space and then combined through a learned gate before residual MLP refinement. In all
MLP-based variants, the refinement network consisted of 4 hidden layers of width 256 with
learned residual scaling.
The benchmark used 15 temporally varying WorldTensor variables spanning a range of
interannual smoothness and volatility. For each variable v, the target yt,v was the area-
weighted global annual mean at year t, and predictions were produced through variable-specific
decoder heads

ŷt,v = Dv(zt). (68)

Targets were standardized for optimization, and all models were trained with mean squared
error,

Ltime =
1

|V|
∑
v∈V

MSE(ŷt,v, yt,v) , (69)

where |V| = 15. Following the common ablation protocol, we first performed a single-seed
learning-rate screening and then a three-seed confirmation run at the best learning rate for
each configuration.

Results
The main result is shown in Fig. 27. Under the 8-dimensional bottleneck, Fourier + MLP
clearly outperforms all alternative temporal parameterizations. This result is not marginal:
it is the strongest configuration in the confirmation runs and provides the most favorable
trade-off between overall fit quality and temporal-dynamics accuracy. In our benchmark, the
best learning rate for this model was 10−3.
This pattern is especially informative because the benchmark includes both smooth and
irregular temporal signals. A pure raw-scalar encoder is too weak, while localized RBF-style
encoders tend to behave more like high-capacity lookup mechanisms and do not organize
time as cleanly across heterogeneous temporal regimes. Adding a residual MLP provides a
decisive improvement, showing that basis selection alone is not sufficient; nonlinear refinement
is needed to map temporal features into a useful shared latent space. However, once this
refinement is present, the simpler Fourier basis remains superior to the more flexible hybrid
alternatives.
The representative fits in Fig. 28 make this difference visible at the level of individual variables.
Fourier + MLP tracks smooth long-term climate signals accurately while also remaining

65



Rodriguez-Pardo and Tavoni

Figure 27: Time encoder ablation. Comparison of time-encoder variants on the 15-task
temporal benchmark. Performance is reported as mean standardized reconstruction error,
with error bars showing variability across seeds. Fourier + MLP is the best overall
configuration.

Fit quality Dynamics

Variant Best LR Params Std. MSE ↓ Corr. ↑ R2 ↑ ∆MAEstd ↓

Fourier + MLP 10−3 547,220 0.011 ± 0.002 0.994 ± 0.001 0.856 ± 0.002 0.068 ± 0.009
H. Gated + MLP 3.16× 10−4 556,437 0.026 ± 0.006 0.987 ± 0.003 0.841 ± 0.006 0.105 ± 0.018
H. Concat + MLP 3.16× 10−4 555,413 0.032 ± 0.001 0.984 ± 0.001 0.835 ± 0.001 0.120 ± 0.007
RBF + MLP 3.16× 10−4 539,028 0.058 ± 0.005 0.970 ± 0.003 0.810 ± 0.005 0.233 ± 0.005
Fourier 10−3 656 0.123 ± 0.001 0.935 ± 0.001 0.776 ± 0.001 0.375 ± 0.003
Raw + MLP 10−3 531,091 0.191 ± 0.004 0.894 ± 0.002 0.746 ± 0.007 0.402 ± 0.002
RBF 10−3 400 0.358 ± 0.008 0.772 ± 0.008 0.625 ± 0.002 0.428 ± 0.000
Raw 10−3 151 0.680 ± 0.026 0.637 ± 0.006 0.319 ± 0.026 0.437 ± 0.000

Values are mean ± s.d. across three confirmation seeds. Trainable parameters are exact counts. Best values
are shown in bold. The winning model, Fourier + MLP, also achieved the best score on all 15 temporal

variables.

Table 13: Time encoder confirmation results. Mean ± standard deviation across
confirmation seeds for the tested time-encoder configurations.

competitive on noisier and more episodic series such as burned area and PM2.5. In contrast,
weaker baselines either underfit the global trend or introduce less coherent local deviations.
The family-wise and field-wise summaries show that this is a global pattern rather than an
isolated advantage on a small subset of variables.
Table 13 quantifies the ranking. Fourier + MLP achieves the best mean standardized
reconstruction error and the best temporal-dynamics score, and in our confirmation study it is
the strongest model on all 15 benchmark variables. Taken together, these results indicate that
the dominant temporal structure in this benchmark is smooth and low-dimensional, and that
the best encoder is one that captures this structure explicitly rather than over-parameterizing
local temporal deviations.
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Figure 28: Representative temporal fits. Comparison of five time-encoder configurations
on three representative variables. Rows correspond to encoder variants and columns to
representative temporal regimes. Each panel shows only the main original-units fit view,
allowing direct comparison of how well each encoder tracks the observed temporal trend.

Conclusion
We select the time encoder consisting of a Fourier-feature parameterization followed by a resid-
ual MLP, with an 8-dimensional output embedding, as the default temporal representation for
subsequent experiments. This configuration provides the best trade-off between compactness,
stability, and predictive performance. The ablation indicates that temporal structure in
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TerraNova is best modeled through an explicitly smooth basis combined with a small learned
nonlinear refinement. In contrast to the location encoder experiment, hybridising different
sub-architectures did not provide significant improvements with respect to individual models.
The chosen configuration is Fourier + MLP with an 8-dimensional embedding.
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Figure 29: Transport-module ablation setup. The country encoder and time encoder
were fixed to the strongest configurations identified in the previous studies, while the transport
module and its associated objectives were varied. Inactive components were not used.

B.1.13 Transport module

Motivation
The purpose of the transport module is to model explicit temporal evolution in latent space.
Once strong location and time encoders are available, the central question is whether an
additional temporal operator is still useful, or whether direct prediction from location and
time embeddings is already sufficient. We therefore study the transport module not as an
isolated predictor, but as a learned operator acting on the time embedding. We want to
understand if this module can help regularize the time embedding geometry and improve
generalization on held-out years.

Configurations tested
In this study we fixed the country encoder to the strongest country-encoder configuration
identified previously, namely a 128-dimensional embedding followed by a residual MLP, and
fixed the time encoder to the winning Fourier + MLP configuration with an 8-dimensional
embedding. Let zc = Ec(c) denote the country embedding for country c, and let zt = Et(t)
denote the time embedding for year t. Predictions were produced by a residual decoder D(·)
operating on the concatenation of country and time embeddings.
The direct predictive pathway is therefore

ŷdirc,t = D([zc, zt]) , (70)

while the transported pathway introduces a transport operator T (·,∆) acting only on the
time embedding:

z̃t+∆ = T (zt,∆), ŷtrc,t+∆ = D([zc, z̃t+∆]) . (71)
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We compared five transport formulations:

• Direct only: no transport module, using only the direct pathway.

• Transport prediction only: transport is trained only through downstream predictive
supervision.

• Transport + match: predictive supervision plus latent matching between transported
and direct target-year embeddings.

• Transport + match + identity: latent matching plus an identity constraint at zero
time shift.

• Transport + full consistency: latent matching, identity, and semigroup consistency.

All variants optimize the direct reconstruction term

Ldir = MSE
(
ŷdirc,t , yc,t

)
, (72)

computed on standardized targets. When transport is enabled, we additionally use the
transport-prediction term

Lpred = MSE
(
ŷtrc,t+∆, yc,t+∆

)
, (73)

the latent-matching term
Lmatch = ∥T (zt,∆)− zt+∆∥22 , (74)

the identity term
Lid = ∥T (zt, 0)− zt∥22 , (75)

and the semigroup term

Lsg = ∥T (T (zt,∆1),∆2)− T (zt,∆1 +∆2)∥22 . (76)

The total objective is

L = Ldir + λpredLpred + λmatchLmatch + λidLid + λsgLsg. (77)

The weights were set as follows:

• Transport prediction only: (λpred, λmatch, λid, λsg) = (1, 0, 0, 0)

• Transport + match: (1, 0.1, 0, 0)

• Transport + match + identity: (1, 0.1, 0.02, 0)

• Transport + full consistency: (1, 0.1, 0.02, 0.05)

The benchmark used the same 150 variables as in the country-encoder study, but over their
full temporal panel rather than at a single year. Evaluation was performed on blocked
temporal windows for a subset of variables across all countries, so that the model had to
reconstruct missing temporal spans rather than isolated random years.
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Figure 30: Time-embedding geometry across transport configurations. Comparison
of the learned temporal geometry for the main transport formulations, using the confirmation-
run time-embedding geometry plots for each configuration.

Results
The transport ablation yields a clean but nontrivial outcome. The best overall predictive
model and the best explicit transport operator are not the same. Table 14 shows that
Transport + full consistency achieves the lowest overall held-out error, indicating that
transport improves the full model when it is constrained not only by predictive supervision
but also by latent geometric structure. By contrast, Transport + match + identity yields
the best transported-rollout performance, showing that matching and identity constraints
are sufficient to produce the strongest explicit transported path. The full-consistency
formulation yields the strongest overall temporal regularization, whereas the match-plus-
identity formulation yields the cleanest explicit temporal operator. In other words, semigroup
consistency appears to improve the structure of the model globally even when it does not
produce the best direct rollout path. Table 15 supports this interpretation by showing that
Transport + full consistency also gives the strongest aggregate geometry metrics, while
Fig. 30 makes the qualitative differences in time-embedding structure visible across transport
formulations. The no-transport configuration behaves like a look-up table, while the full
transport configuration acts as a geometric regulariser and shows smoother embeddings,
where dynamics are more predictable.
The key negative result is also clear from this study: predictive supervision alone is not
enough. Transport prediction only does not outperform the direct baseline, which means that
transport becomes useful only when accompanied by additional latent-consistency constraints.
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Held-out fit Geometry Transport alignment

Variant Best LR Params Direct MSE ↓ Transport MSE ↓ Score ↓ Match MSE ↓ Id. MSE ↓

T. + full consistency 3.16 × 10−4 5,573,433 0.2252 ± 0.0051 0.2430 ± 0.0278 0.058 0.004 ± 0.000 0.000 ± 0.000
T. + match + id. 10−3 5,573,433 0.2395 ± 0.0119 0.2341 ± 0.0041 0.255 0.001 ± 0.000 0.000 ± 0.000
Direct only 3.16 × 10−4 3,450,663 0.2426 ± 0.0038 — — — —
Transport pred. only 3.16 × 10−4 5,573,433 0.2486 ± 0.0033 0.2489 ± 0.0028 0.869 0.013 ± 0.002 0.272 ± 0.031
Transport + match 3.16 × 10−4 5,573,433 0.2519 ± 0.0027 0.2427 ± 0.0086 0.335 0.002 ± 0.000 0.150 ± 0.009

Table 14: Transport ablation confirmation results. Mean ± standard deviation across
confirmation seeds for the direct-fit and transport-rollout metrics of the tested transport
configurations. Values are mean ± s.d. across three confirmation seeds. Direct-fit winner
(Transport + full consistency), transport-rollout winner (Transport + match + identity),
and geometry winner (Transport + full consistency) are highlighted. Geometry score is the
mean of min-max normalized match MSE, (1− cos), identity MSE, and semigroup MSE.

Variant Geometry score ↓ Match MSE ↓ 1 − cos ↓ Identity MSE ↓ Semigroup MSE ↓

T. + match + id. 0.255 0.0012 ± 0.0002 0.00007 ± 0.00003 0.00003 ± 0.00001 0.52974 ± 0.14454
Transport + match 0.335 0.0023 ± 0.0001 0.00037 ± 0.00005 0.14961 ± 0.00916 0.19391 ± 0.02546
T. + full consistency 0.058 0.0038 ± 0.0004 0.00005 ± 0.00002 0.00032 ± 0.00017 0.00952 ± 0.00351
Transport pred. only 0.869 0.0128 ± 0.0023 0.00099 ± 0.00015 0.27173 ± 0.03082 0.25672 ± 0.04538

Geometry winner (Transport + full consistency) is shown in bold.

Table 15: Transport geometry diagnostics. Mean ± standard deviation across confirma-
tion seeds for embedding-match, identity, semigroup, and composite geometry metrics.

Figure 29 summarizes the scope of the study: the encoders are fixed, and only the transport
module and its associated objectives are varied.

Conclusion
We carry forward Transport + full consistency as the default transport formulation for
subsequent experiments. This configuration gives the best overall predictive model and the
strongest temporal geometry, even though Transport + match + identity yields the
best explicit rollout path. The transport ablation therefore shows that transport is useful
in TerraNova, but only when constrained by additional latent-consistency objectives rather
than by predictive supervision alone.
The chosen configuration is Transport + full consistency.
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Figure 31: Spatiotemporal fusion module ablation setup. Coordinate, country, and time
inputs, their encoders, and their embeddings are fixed to the selected upstream configurations.
The transport module and reconstruction objective remain active. The tested component is
the spatiotemporal fusion pathway, mapping the fixed spatial and temporal embeddings into
the 128-dimensional spatiotemporal embedding consumed by the decoder.

B.1.14 Spatiotemporal fusion

Motivation
The location, country, time, and transport ablations identify strong individual representation
modules, but TerraNova still requires a mechanism that combines where a sample is observed
with when it is observed. This fusion block is the first point in the architecture where the
spatial representation

s ∈ R128

and the temporal representation
τ ∈ R8

interact before the shared decoder. Our design question in this experiment is therefore how
temporal information should condition spatial structure.
This ablation isolates the spatiotemporal fusion block

Fθ : R128 × R8 → R128, z = Fθ(s, τ),

while keeping the upstream encoders and downstream decoder fixed (Fig. 31). The spatial
input is either the winner of the location-encoder ablation for gridded samples, or the winner
of the country-encoder ablation projected onto the same 128-dimensional spatial bus for
country samples. The temporal input is the Fourier+MLP time encoder, and the transport
module is kept at the selected transport-ablation configuration. Only the fusion map Fθ is
varied.
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The benchmark deliberately combines both native geometries of TerraNova. The gridded side
uses the same 51 WorldTensor fields as the location-encoder study. Time-varying gridded
variables are evaluated on held-out years using year-specific targets; static gridded variables
are queried at random held-out years with invariant targets. The country side uses 150
temporal country-level variables, with five randomly held-out years per variable. Evaluation is
thus held-out-time generalization for both modalities, not a spatial extrapolation benchmark.

B.1.15 Fusion architecture zoo

All variants share the same output dimension 128 and are evaluated at hidden widths
w ∈ {256, 512} and depths d ∈ {4, 8}. Let Mw,d(·) denote a residual MLP with hidden width
w and d scaled residual blocks. Unless stated otherwise, the final output of each fusion
module is z ∈ R128.

Spatial-only baseline. The lower-bound model ignores time completely:

z = Mw,d(s). (78)

This baseline tests whether the fixed encoders and decoder can already explain the held-out
data without explicit temporal conditioning. Any useful fusion module should improve over
this reference, particularly on country variables whose targets change substantially across
years.

Concat + MLP. The simplest time-aware baseline concatenates the two embeddings:

z = Mw,d

(
[s; τ ]

)
. (79)

This option gives the MLP full access to both modalities but imposes no explicit inductive
bias about how time should act on space. It is the generic nonlinear-fusion baseline.

FiLM family. Feature-wise linear modulation Perez et al. (2018) treats time as a conditioner
that rescales and shifts the spatial representation. With

γ(τ) = Aγτ, β(τ) = Aβτ,

the standard FiLM variant is

z = Mw,d

(
s⊙ (1 + γ(τ)) + β(τ)

)
. (80)

This tests the hypothesis that year mainly changes the amplitude and offset of spatial factors.
We also test two restricted variants:

zscale = Mw,d

(
s⊙ (1 + γ(τ))

)
, (81)

zresid = Mw,d

(
s+ s⊙ γ(τ) + β(τ)

)
. (82)

The scale-only form removes additive temporal shifts, while the residual form keeps the
original spatial state explicit and learns a time-dependent delta.
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Gated FiLM. The gated FiLM variant learns a per-feature interpolation between the
identity spatial representation and the FiLM-modulated representation:

s̃ = s⊙ (1 + γ(τ)) + β(τ), (83)
g(τ) = σ(Agτ), (84)

z = Mw,d

(
g(τ)⊙ s̃+ (1− g(τ))⊙ s

)
. (85)

The motivation is to avoid forcing every spatial feature to be temporal: some coordinates
should remain almost static, while others should respond strongly to year.

Residual gate. Instead of modulating the spatial vector multiplicatively, residual gating
adds a learned temporal displacement:

g(τ) = σ(Agτ), u(τ) = Auτ, (86)
z = Mw,d

(
s+ g(τ)⊙ u(τ)

)
. (87)

This is a compact temporal-update model: the spatial embedding remains the anchor, and
time contributes only through a gated residual vector.

Cross-attention: spatial queries time. The first attention family uses cross-
attention Hou et al. (2019) to let the spatial token query the temporal token:

q = Wqs, k = Wkτ, v = Wvτ, (88)
h = LN

(
q +Attn(q, k, v)

)
, (89)

z = WoBd−1(h), (90)

where Bd−1 is a stack of residual blocks. This direction, denoted S→T in the figures, asks:
which temporal information is relevant for a given spatial or country state?

Cross-attention: time queries space. The reverse direction lets the time token query the
spatial token and then recombines the attended context with the original spatial embedding:

q = Wqτ, k = Wks, v = Wvs, (91)
c = LN

(
Attn(q, k, v)

)
, (92)

z = WoBd−1

(
Wc[c; s]

)
. (93)

This tests the opposite asymmetry: temporal state first extracts a spatial context, and the
model then reconstructs the fused representation from that context plus the original spatial
vector.

Joint self-attention. The symmetric attention baseline treats spatial and temporal em-
beddings as a two-token set:

x1 = Wss, x2 = Wtτ, (94)
H = Attn

(
[x1, x2], [x1, x2], [x1, x2]

)
, (95)

h = LN

(
1

2

2∑
i=1

(xi +Hi)

)
, (96)

z = WoBd−1(h). (97)

Unlike directional cross-attention, this option gives neither modality a privileged query role.
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Transformer Tr-A: stacked cross-modal decoder. The first transformer Vaswani et al.
(2017) family repeats the spatial-query cross-attention pattern with a feed-forward network
after each attention layer:

q0 = Wss, m = Wtτ, (98)
q̂ℓ = LN

(
qℓ +Attn(qℓ,m,m)

)
, (99)

qℓ+1 = LN
(
q̂ℓ + FFN(q̂ℓ)

)
, ℓ = 0, . . . , d− 1, (100)

z = Woqd. (101)

This is the highest-capacity version of the S→T inductive bias: spatial state remains the
query throughout, while time is repeatedly injected through cross-attention and nonlinear
refinement.

Transformer Tr-B: encoder-decoder fusion. The second transformer family first
processes the time token as memory and then uses a spatial query decoder:

m0 = Wtτ, q0 = Wss, (102)
mL = TransformerEncoder(m0), (103)
qℓ+1 = DecoderBlock(qℓ,mL), (104)

z = WoqD. (105)

This option separates temporal processing from spatial decoding. It is more structured than
Tr-A, but also less direct: time is first transformed into a memory token before it conditions
the spatial query.

B.1.16 Training and evaluation protocol

The active sweep contains 12 architectures× 2 widths× 2 depths = 48 configurations. Phase
1 screens every configuration at seed 42 over the log-spaced learning-rate ladder

{10−3, 10−3.5, 10−4, 10−4.5, 10−5, 10−5.5, 10−6},

using a flat learning rate for 15,000 steps. Phase 2 confirms every screened configuration,
not only the top few, using that configuration’s best Phase-1 learning rate, three seeds
{42, 137, 2024}, a warmup-cosine schedule, and 45,000 steps.
Training alternates stochastic minibatches from the two modalities. Gridded batches sample
flat tuples (field, pixel, year); country batches sample flat tuples (country, year) with a per-
variable observation mask. Both modalities are z-score normalised using training data only,
so all reported losses are in standardised units. The training loss is the sum of the modality-
specific reconstruction loss and the fixed transport-consistency regularisation inherited from
the transport ablation. For country batches, the selected predictive transport term is also
active.
The primary metric is held-out-year RMSE averaged over all evaluated variables:

RMSE =
1

|G|+ |C|

∑
g∈G

RMSEg +
∑
c∈C

RMSEc

 , (106)
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where G is the set of gridded fields with held-out-year evaluation and C is the set of country
variables with held-out observations. We also report modality-specific RMSE and Pearson
correlation:

RMSEgrid, RMSEcountry, r̄, r̄grid, r̄country.

B.1.17 Results

Headline. The best fusion module is the w = 512, d = 8 cross-modal transformer (Tr-A),
with

RMSE = 0.1655± 0.0007,

an absolute reduction of 0.1818 RMSE units relative to the spatial-only w = 256, d = 4
baseline (0.3473 ± 0.0001), or a 52.3% relative reduction. The winner also has strong
modality-specific performance:

RMSEgrid = 0.2538, RMSEcountry = 0.1326,

with correlations

r̄ = 0.954, r̄grid = 0.877, r̄country = 0.983.

The runner-up is the w = 512, d = 8 encoder-decoder transformer (Tr-B), at 0.1730± 0.0007
RMSE. The top five configurations are all transformers, showing that the decisive factor is
not merely adding time but allowing repeated cross-modal interaction at sufficient width
and depth.

Efficiency Pareto. Figure 32 places all confirmation variants in the parameter–error
plane. The frontier begins with compact non-transformer and attention variants around
56–61M parameters, but the low-error end is entirely transformer-dominated. The selected
Tr-A w512, d8 model is the rightmost useful point before further parameter increases stop
improving accuracy: Tr-B w512, d8 uses more parameters (85.2M) but has higher RMSE
(0.1730). Thus the winning module is not only the lowest-error model but also the efficient
high-capacity endpoint of the sweep.

Family-level behaviour. Figure 33 summarizes the distribution of confirmation RMSE
within each architecture family. The transformer family is separated from the rest of the
sweep: its best variants occupy the lowest-error regime, and even its weaker configurations
remain competitive with the best attention models. Directional and joint attention form
the next tier, but with a much wider spread because the T→S direction collapses to the
spatial-only regime. MLP, FiLM, and gated residual variants improve substantially over
the spatial-only baseline, but they cluster near 0.21–0.22 RMSE and do not approach the
transformer frontier.

Capacity effects. Figure 34 exposes a strong interaction between architecture and capacity.
For the transformer families, increasing width and depth is consistently useful: Tr-A improves
from 0.1988 at w256, d4 to 0.1655 at w512, d8, and Tr-B improves from 0.1968 at w256, d4
to 0.1730 at w512, d8. Attention variants also benefit from larger width and depth in the
S→T direction, but saturate above the transformer error floor. By contrast, FiLM and MLP
variants show little gain from extra capacity, indicating that their limitation is the fusion
mechanism rather than the number of parameters.
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Figure 32: Efficiency Pareto for spatiotemporal fusion. Confirmation RMSE versus
trainable parameter count for all 48 variants. Pareto-frontier points are labelled in the side
key. The selected model is Transformer Tr-A with width 512 and depth 8.

Figure 33: Fusion family summary. Left: RMSE distribution within each family, with the
best-in-family configuration marked. Right: modality-specific RMSE of the best member of
each family. Transformer fusion wins both globally and on the country side, while preserving
competitive gridded performance.
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Figure 34: Capacity grid. Confirmation RMSE by architecture, hidden width, and depth.
Each cell shows mean RMSE and leaderboard rank. Transformer capacity scales cleanly;
FiLM, MLP, and gated variants do not close the gap by increasing width or depth.
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Modality trade-off. Figure 35 compares gridded and country RMSE. The spatial-only
and T→S attention variants have acceptable gridded RMSE but very poor country RMSE,
showing that they preserve spatial reconstruction while failing to learn temporal country
dynamics. The selected Tr-A model moves sharply down the country-error axis while retaining
the best overall balance. This is the most important qualitative outcome of the ablation:
the winning module does not win by overfitting one modality, but by improving the harder
temporal-country side without destroying gridded performance.

Figure 35: Per-modality trade-off. Gridded RMSE versus country RMSE for all confir-
mation variants. Point colour encodes mean held-out correlation. The winning transformer
occupies the best global trade-off region, with low country error and competitive gridded
error.

Confirmation table. Table 16 reports the full confirmation leaderboard.

B.1.18 Discussion

The ablation supports three conclusions. First, explicit spatiotemporal fusion is necessary:
the spatial-only baseline reconstructs static and weakly temporal structure but fails on
held-out country years, yielding a global RMSE around 0.347. Second, the direction of
interaction matters. S→T attention is consistently useful, while T→S attention is nearly
indistinguishable from the spatial-only baseline. The successful pattern is to keep the spatial
or country state as the query and inject temporal information as conditioning memory, not
to let the time token query a spatial memory and then reconstruct the state afterward.
Third, the best fusion mechanism is a repeated cross-modal transformer rather than a single
modulation operation. FiLM, gated FiLM, residual gates, and concat-MLPs all provide
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Table 16: Fusion confirmation leaderboard. Held-out-year RMSE is reported as mean ± s.d.
across 3 confirmation seeds. ∆ is the percentage change relative to spatial_only_w256_d4
(negative is better). Grid and Ctry are modality-specific held-out-year RMSE values; r
is the mean Pearson correlation across gridded and country variables. Winner bold and
highlighted.

Variant Family Param. RMSE↓ ∆% Grid↓ Ctry↓ r ↑

Transformer Tr-A (w512, d8) Transformer 81.0M 0.1655 ± 0.0007 -52.3 0.2538 0.1326 0.954
Transformer Tr-B (w512, d8) Transformer 85.2M 0.1730 ± 0.0007 -50.2 0.2554 0.1423 0.953
Transformer Tr-B (w512, d4) Transformer 70.5M 0.1779 ± 0.0006 -48.8 0.2540 0.1495 0.951
Transformer Tr-A (w512, d4) Transformer 68.4M 0.1786 ± 0.0016 -48.6 0.2559 0.1498 0.949
Transformer Tr-A (w256, d8) Transformer 62.0M 0.1898 ± 0.0004 -45.3 0.2629 0.1626 0.944
Cross-Attn (S→T) (w512, d8) Attention 60.5M 0.1934 ± 0.0033 -44.3 0.2735 0.1636 0.944
Self-Attn Joint (w512, d8) Attention 60.5M 0.1948 ± 0.0013 -43.9 0.2731 0.1656 0.943
Transformer Tr-B (w256, d4) Transformer 59.4M 0.1968 ± 0.0014 -43.3 0.2612 0.1729 0.941
Cross-Attn (S→T) (w512, d4) Attention 58.4M 0.1978 ± 0.0006 -43.0 0.2685 0.1715 0.941
Transformer Tr-A (w256, d4) Transformer 58.9M 0.1988 ± 0.0008 -42.7 0.2656 0.1740 0.940
Self-Attn Joint (w512, d4) Attention 58.4M 0.1998 ± 0.0014 -42.5 0.2678 0.1744 0.940
Self-Attn Joint (w256, d4) Attention 56.4M 0.2046 ± 0.0011 -41.1 0.2722 0.1795 0.938
Cross-Attn (S→T) (w256, d4) Attention 56.4M 0.2053 ± 0.0008 -40.9 0.2737 0.1799 0.937
Self-Attn Joint (w256, d8) Attention 56.9M 0.2056 ± 0.0010 -40.8 0.2814 0.1774 0.937
Transformer Tr-B (w256, d8) Transformer 63.1M 0.2063 ± 0.0008 -40.6 0.2691 0.1829 0.938
Residual Gate (w512, d8) Gated 60.0M 0.2096 ± 0.0004 -39.6 0.2843 0.1819 0.936
Concat + MLP (w256, d4) MLP 56.2M 0.2103 ± 0.0007 -39.4 0.2783 0.1851 0.935
FiLM (w256, d4) FiLM 56.2M 0.2118 ± 0.0007 -39.0 0.2753 0.1882 0.933
FiLM + Residual (w256, d4) FiLM 56.2M 0.2118 ± 0.0001 -39.0 0.2751 0.1883 0.933
FiLM Scale-only (w256, d4) FiLM 56.2M 0.2123 ± 0.0008 -38.9 0.2759 0.1886 0.932
FiLM (w512, d4) FiLM 57.9M 0.2132 ± 0.0018 -38.6 0.2808 0.1881 0.934
FiLM + Residual (w512, d4) FiLM 57.9M 0.2135 ± 0.0016 -38.5 0.2811 0.1884 0.934
FiLM Scale-only (w512, d8) FiLM 60.0M 0.2135 ± 0.0026 -38.5 0.2945 0.1834 0.934
Cross-Attn (S→T) (w256, d8) Attention 56.9M 0.2137 ± 0.0007 -38.5 0.2836 0.1877 0.933
FiLM + Residual (w256, d8) FiLM 56.8M 0.2141 ± 0.0008 -38.4 0.2838 0.1881 0.932
FiLM (w256, d8) FiLM 56.8M 0.2147 ± 0.0009 -38.2 0.2844 0.1887 0.932
Concat + MLP (w512, d4) MLP 57.9M 0.2152 ± 0.0013 -38.0 0.2785 0.1916 0.933
FiLM Scale-only (w256, d8) FiLM 56.8M 0.2163 ± 0.0009 -37.7 0.2897 0.1890 0.932
Gated FiLM (w512, d8) FiLM 60.0M 0.2166 ± 0.0015 -37.6 0.3004 0.1854 0.933
Concat + MLP (w512, d8) MLP 60.0M 0.2176 ± 0.0004 -37.3 0.2824 0.1935 0.934
Residual Gate (w512, d4) Gated 57.9M 0.2177 ± 0.0014 -37.3 0.2832 0.1933 0.933
Residual Gate (w256, d4) Gated 56.2M 0.2178 ± 0.0008 -37.3 0.2818 0.1940 0.931
Concat + MLP (w256, d8) MLP 56.8M 0.2182 ± 0.0017 -37.2 0.2872 0.1925 0.931
Residual Gate (w256, d8) Gated 56.8M 0.2186 ± 0.0008 -37.1 0.2890 0.1924 0.931
Gated FiLM (w256, d8) FiLM 56.8M 0.2186 ± 0.0015 -37.0 0.2936 0.1907 0.932
FiLM Scale-only (w512, d4) FiLM 57.9M 0.2203 ± 0.0038 -36.6 0.2920 0.1936 0.932
Gated FiLM (w256, d4) FiLM 56.2M 0.2218 ± 0.0012 -36.1 0.2983 0.1933 0.932
Gated FiLM (w512, d4) FiLM 57.9M 0.2236 ± 0.0015 -35.6 0.2943 0.1973 0.931
FiLM + Residual (w512, d8) FiLM 60.0M 0.2243 ± 0.0013 -35.4 0.2974 0.1971 0.932
FiLM (w512, d8) FiLM 60.0M 0.2250 ± 0.0013 -35.2 0.2992 0.1974 0.931
Spatial-only (baseline) (w512, d4) Baseline 57.9M 0.3463 ± 0.0001 -0.3 0.2761 0.3724 0.869
Cross-Attn (T→S) (w512, d4) Attention 58.8M 0.3464 ± 0.0002 -0.3 0.2763 0.3725 0.869
Spatial-only (baseline) (w512, d8) Baseline 60.0M 0.3469 ± 0.0002 -0.1 0.2788 0.3723 0.868
Cross-Attn (T→S) (w512, d8) Attention 60.9M 0.3470 ± 0.0001 -0.1 0.2788 0.3724 0.868
Spatial-only (baseline) (w256, d4) Baseline 56.2M 0.3473 ± 0.0001 0.0 0.2803 0.3722 0.868
Cross-Attn (T→S) (w256, d4) Attention 56.5M 0.3473 ± 0.0001 0.0 0.2798 0.3724 0.868
Cross-Attn (T→S) (w256, d8) Attention 57.0M 0.3488 ± 0.0002 0.4 0.2852 0.3724 0.867
Spatial-only (baseline) (w256, d8) Baseline 56.8M 0.3488 ± 0.0001 0.4 0.2853 0.3724 0.867

useful temporal conditioning, but they behave like single-step corrections to the spatial
state and saturate near 0.21–0.22 RMSE. The transformer variants instead alternate cross-
modal attention and nonlinear refinement, allowing temporal information to be integrated
repeatedly before decoding. This extra interaction depth is what separates the top transformer
configurations from simpler conditioning mechanisms. We therefore select Transformer Tr-A
with width 512 and depth 8 as the TerraNova spatiotemporal fusion module. It is the best
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global model, the efficient high-capacity endpoint of the Pareto frontier, and the strongest
modality-balanced solution across gridded and country held-out-year generalization.
The chosen configuration is a Cross-Attention Transformer decoder with width 512
and depth 8.
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Figure 36: Geospatial-alignment ablation scope. The upstream location, country, time,
transport, and spatiotemporal-fusion modules are fixed to the selected configurations. The
tested component is the geospatial-alignment auxiliary branch and its contrastive alignment
loss.

B.1.19 Alignment with geospatial embeddings

Motivation and scope
The previous ablations select the coordinate, country, time, transport, and spatiotemporal-
fusion modules used by the TerraNova backbone. This ablation instead tests a different
question: whether the learned spatiotemporal representation can be explicitly aligned to ex-
ternal geospatial embedding spaces while preserving reconstruction accuracy of the multitask
model. The ablated component is an auxiliary contrastive supervision family applied to the
shared spatiotemporal embedding.
The backbone is fixed to the selected upstream configuration (Fig. 36): the location encoder is
the WIRE U-Net × Hash-L model, the country encoder is the residual MLP country encoder,
the time encoder is Fourier+MLP, the transport module is the selected full-consistency
transport configuration, and the spatiotemporal fusion block is the selected cross-modal
Transformer. Only the geospatial-alignment objective and its sampling budget are varied.
The alignment family has three equally weighted targets: SatCLIP, GeoCLIP, and Copernicus-
embed. Each target provides contrastive auxiliary supervision over coordinates; none is
treated as a scalar prediction task.

Protocol
Training follows a randomized micro-epoch structure used by the final multitask training
loop. Each epoch contains reconstruction steps, transport steps, and geospatial-alignment
steps in randomized order. The reconstruction objective remains the standard regression
objective for gridded and country-level variables. The transport budget is fixed at M = 512
transport steps per epoch, using the selected transport configuration. The geospatial-
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alignment budget is varied over G ∈ {0, 128, 512}, where G = 0 is the no-alignment baseline.
For G > 0, alignment batches are sampled from the three target embedding families with
equal probability: p(SatCLIP) = p(GeoCLIP) = p(Copernicus) = 1

3 .
The screening phase sweeps the alignment loss family and alignment loss weight at seed 42.
The tested loss families are inverse-distance weighting and linear-distance weighting; these
choices only apply when G > 0. The no-alignment baseline is therefore reported simply
as G = 0, not as a member of either distance-weighting family. Screening uses the same
selection score as the training callback:S = Top1align − λrecRMSEval, so configurations must
improve geospatial retrieval without collapsing held-out-year reconstruction. Confirmation
reruns the best screened structural configurations across three seeds, with 3 times more
training epochs and decaying learning rates.

Variant Loss G Weight Score↑ Top-1↑ RMSE↓ Grid r ↑ Ctry r ↑

Inverse M=512 G=512 w1 inverse 512 1 0.636 0.705 0.697 0.724 0.611
Inverse M=512 G=128 w1 inverse 128 1 0.424 0.490 0.663 0.767 0.623
Inverse M=512 G=512 w0.1 inverse 512 0.1 0.324 0.395 0.714 0.710 0.595
Inverse M=512 G=512 w0.05 inverse 512 0.05 0.271 0.342 0.705 0.718 0.607
Inverse M=512 G=512 w0.01 inverse 512 0.01 0.184 0.255 0.706 0.712 0.603
Inverse M=512 G=128 w0.1 inverse 128 0.1 0.183 0.250 0.666 0.768 0.627
Inverse M=512 G=128 w0.05 inverse 128 0.05 0.163 0.230 0.665 0.767 0.623
Inverse M=512 G=128 w0.01 inverse 128 0.01 0.129 0.195 0.656 0.771 0.637
Linear M=512 G=512 w1 linear 512 1 0.020 0.091 0.713 0.695 0.603
Linear M=512 G=512 w0.05 linear 512 0.05 0.017 0.087 0.693 0.722 0.625
Linear M=512 G=512 w0.01 linear 512 0.01 0.016 0.085 0.687 0.724 0.629
Linear M=512 G=512 w0.1 linear 512 0.1 0.006 0.077 0.710 0.717 0.612
Linear M=512 G=128 w0.05 linear 128 0.05 0.005 0.071 0.661 0.773 0.633
Linear M=512 G=128 w0.01 linear 128 0.01 0.003 0.068 0.646 0.763 0.640
Linear M=512 G=128 w0.1 linear 128 0.1 -0.005 0.061 0.657 0.768 0.635
Linear M=512 G=128 w1 linear 128 1 -0.013 0.053 0.665 0.754 0.633
No alignment M=512 G=0 – 0 0 -0.061 0.005 0.657 0.760 0.639
Phase 1 screening: fixed ST-fusion winner backbone, fixed LR 10−4, M=512 transport steps per epoch, seed

42.

Table 17: Screening leaderboard for the geospatial-alignment study. The table
reports the alignment/reconstruction selection score, alignment top-1 retrieval, validation
RMSE, and gridded/country held-out-year correlations. The G = 0 row is the no-alignment
baseline and is not assigned to a distance-weighting family.

B.1.20 Results

The confirmed winner is the inverse-distance alignment loss with M = 512, G = 512,
and alignment weight 1. It reaches an alignment top-1 of 0.8753±0.0015, compared with
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0.0076±0.0024 for the no-alignment baseline, a gain of +0.8677. The corresponding selection
score is 0.8329±0.0020.
The main reconstruction-preservation diagnostic is gridded held-out-year correlation, because
it isolates the WorldTensor side of the benchmark where coordinate-level spatial structure
is most directly tested. On this metric the winner obtains 0.8946±0.0395, compared with
0.8428±0.0258 for the no-alignment baseline (∆ = +0.0517). Country-level held-out-year
correlation is 0.7841±0.0108, compared with 0.8192±0.0258 for the no-alignment baseline
(∆ = −0.0352).

Figure 37: Best configuration by alignment family. The radar plot compares the best
no-alignment, inverse-distance, and linear-distance configurations across alignment retrieval
and reconstruction-preservation metrics. The inverse-distance family dominates the alignment
axes while retaining comparable validation correlations.

Overall, the study supports using geospatial embedding alignment as an auxiliary representa-
tion objective rather than as a prediction task. The alignment branch substantially improves
retrieval into the three external geospatial embedding spaces. Without losing significant
reconstruction accuracy, we can align our spatiotemporal embeddings with existing geospa-
tial embeddings, thereby providing our model with information from the visual domain,
both from satellite images (Copernicus-embed and SatCLIP) and with images taken from
the ground (GeoCLIP). In terms of correlation on gridded-data prediction, this alignment
produces a significant increase of ∆ ≥ 0.05, which suggests that it allows our embedding to
be regularised and better suited for spatiotemporal generalisation. Furthermore, both an
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Figure 38: Target-level alignment and validation accuracy. Top: SatCLIP, GeoCLIP,
and Copernicus top-1 retrieval with seed error bars. Bottom: gridded and country held-out-
year correlations with seed error bars. The winning configuration improves all three external
embedding targets simultaneously, with the clearest gain on SatCLIP and strong gains on
GeoCLIP and Copernicus.

Variant Family G Weight Score↑ Top-1↑ ∆Top-1 RMSE↓ Corr↑ Grid r ↑ Ctry r ↑ Vis. errs

Inverse M=512 G=512 w1 Inverse weighted 512 1 0.8329 ± 0.0020 0.8753 ± 0.0015 +0.8677 0.4244 0.8082 0.8946 0.7841 3
Inverse M=512 G=128 w1 Inverse weighted 128 1 0.6343 ± 0.0006 0.6756 ± 0.0023 +0.6681 0.4137 0.8074 0.8899 0.7838 3
Linear M=512 G=512 w1 Linear weighted 512 1 0.0533 ± 0.0054 0.0980 ± 0.0050 +0.0904 0.4471 0.7965 0.8502 0.7814 3
Linear M=512 G=128 w0.05 Linear weighted 128 0.05 0.0454 ± 0.0109 0.0883 ± 0.0097 +0.0807 0.4283 0.8021 0.8968 0.7759 3
No alignment M=512 G=0 No alignment 0 0 -0.0335 ± 0.0038 0.0076 ± 0.0024 +0.0000 0.4109 0.8236 0.8428 0.8192 3

Phase 2 confirmation: fixed ST-fusion winner backbone, M=512 transport steps per epoch, fixed LR 10−4,
three seeds. Visualization errors were non-fatal and did not remove saved validation/retrieval metrics.

Table 18: Confirmation leaderboard for the geospatial-alignment study. The table
reports the alignment/reconstruction selection score, alignment top-1 retrieval, validation
RMSE, and gridded/country held-out-year correlations. The G = 0 row is the no-alignment
baseline and is not assigned to a distance-weighting family.
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increased number of steps per epoch and a strong alignment-loss weight provide the best
configuration. Country-level tasks see a modest reduction in accuracy as these alignment
losses are not designed for helping in country-level tasks. The purpose of the next ablation
study will therefore be to align the country and location embeddings so they can benefit one
another.
The chosen configuration is inverse-distance location sampling with a loss weight
of 1, at the largest alignment-step budget tested. The production run allocates 256
geospatial-alignment steps per epoch (the ablation’s largest budget was 512), reflecting the
fixed per-epoch step budget shared across all step families.
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Figure 39: Country-location ablation scope. The backbone and external geospatial-
alignment branch are fixed. Orange components denote the internal country-location objec-
tives tested in this ablation. The task encoder is an embedding lookup and the decoder is
the fixed concat+MLP decoder.

B.2 Country-location alignment and consistency

B.2.1 Motivation and scope

The geospatial-alignment ablation tests alignment to external coordinate-based embedding
spaces. This study instead tests a different representation question inside TerraNova: whether
the model should explicitly align its native coordinate and administrative-country geometries,
and whether country-level predictions should be regularized to match aggregated coordinate-
level predictions sampled from the same country.
The upstream architecture is fixed to the selected sequential-ablation recipe. The coordinate
branch uses the WIRE U-Net × Hash-L location encoder, the administrative branch uses the
residual-MLP country encoder, the temporal branch uses Fourier+MLP, the transport module
is the selected full-consistency transport configuration, the external geospatial-alignment
branch is the selected inverse-distance configuration, the fusion block is the selected cross-
modal Transformer, the task encoder is embedding-only, and the decoder is the selected
concat+MLP task-conditioned decoder. In this experiment, the tested components are only
the internal country-location alignment objective, the country-location prediction-consistency
objective, and the within-country coordinate sampling density.

B.2.2 Protocol

Training follows the same randomized micro-epoch structure as the final multitask loop.
Each mini-epoch mixes reconstruction steps, transport steps, fixed external geospatial-
alignment steps, and optionally internal country-location steps. We reduce the number of
geospatial alignment and transport steps per epoch to 256, to keep computation tractable
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in the experiment. Let Ωc denote the polygonal support of country c, let x = (ϕ, λ) be
a coordinate (latitude, longitude), and let t be the queried year. The model produces
a coordinate embedding hx = f loc

θ (x, t) and a country embedding hc = f ctry
θ (c, t) in the

selected spatiotemporal source space. The reconstruction objective remains the standardized
held-out-year prediction loss used in the previous WorldTensor/CountryTensor studies:

Lrec =
1

|B|
∑

(u,v,t,y)∈B

(ŷθ(u, v, t)− y)2 ,

where u is either a coordinate or a country identifier and all targets are standardized by the
training split. In this experiment, we increased the number of both country-level and gridded
tasks.
For the internal alignment objective, a country c is sampled uniformly across all countries,
a set of positive coordinates Pc = {x+j } is sampled from Ωc, and negative coordinates
Nc = {x−k } are sampled from other countries (randomly selected). The positive coordinate
embeddings are mean-pooled,

h̄+c =
1

|Pc|
∑
x∈Pc

hx,

and a sampled-negative InfoNCE contrastive loss aligns the country embedding with the
within-country coordinate embedding:

Lcl = − log
exp(s(hc, h̄

+
c )/τT)

exp(s(hc, h̄
+
c )/τT) +

∑
x−∈Nc

exp(s(hc, hx−)/τT)
,

where s(a, b) = â⊤b̂ is cosine similarity of L2-normalised embeddings (v̂ = v/∥v∥2) and
τT = 0.07 is the temperature.
The coordinate sampler tests two within-country densities:

quni(x | c) ∝ 1{x ∈ Ωc}, qpop(x | c) ∝ log(1 + P (x))1{x ∈ Ωc},

where P (x) is the population-density at a particular location and moment in time used
by the sampler. Country selection itself remains uniform; only the coordinates sampled
inside each country differ. We use log(1 + P (x)) to compress the distribution of population
densities so highly-populated regions don’t dominate the sampling process. This was inspired
by high-dynamic-range and linear-RGB specular-range compression algorithms in computer
graphics.
The consistency objective is a prediction-space regularizer. For a country task v, country c,
and year t, the country prediction is compared with the mean coordinate prediction over
sampled coordinates in the same country:

ȳθ(c, v, t) =
1

K

K∑
j=1

ŷθ(xj , v, t), xj ∼ q(x | c),

Lcons = (ŷθ(c, v, t)− ȳθ(c, v, t))
2 .
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The total training objective in an active mini-epoch is therefore

L = Lrec + λtrLtr + λgeoLgeo + λclLcl + λconsLcons,

with the transport and external geospatial-alignment terms held fixed from the previous
ablations. We search for the best configuration using this grid:

A ∈ {0, 256}, C ∈ {0, 256}, λcl, λcons ∈ {0, 0.25},

where A and C are the internal alignment and consistency steps per mini-epoch. The
no-country-location-loss baseline has A = C = 0; the uniform duplicate of this baseline is
omitted because the coordinate sampler is unused when both internal losses are disabled.
All confirmation runs use three seeds (42, 314, 2718), 210,000 target training steps, fixed
learning rate 1.5× 10−4, 256 fixed transport steps per mini-epoch, and 256 fixed external
geospatial-alignment steps per mini-epoch. The primary selection metric is the equal-weight
mean of held-out-year correlations on the two native evaluation geometries:

S =
1

2
(rgrid + rctry) ,

with auxiliary diagnostics reporting coordinate-to country retrieval, cosine similarity, margins,
and preservation of the fixed external geospatial-alignment heads.

Family A C Samp. Score↑ ∆Score Coord Top-1↑ Cosine↑ Grid r ↑ Ctry r ↑ RMSE↓

Alignment only 256 0 pop 0.8554 ± 0.0135 +0.0093 0.6990 ± 0.0273 0.3860 0.8774 0.8333 0.4194
Alignment only 256 0 uni 0.8538 ± 0.0154 +0.0077 0.7688 ± 0.0165 0.4183 0.8789 0.8287 0.4244
No country-location loss 0 0 pop 0.8461 ± 0.0065 – 0.0458 ± 0.0237 0.0469 0.8753 0.8169 0.4401
Consistency only 0 256 uni 0.8453 ± 0.0162 -0.0008 0.3406 ± 0.0236 0.2576 0.8740 0.8166 0.4448
Consistency only 0 256 pop 0.8434 ± 0.0140 -0.0026 0.3427 ± 0.1116 0.2658 0.8735 0.8134 0.4517
Alignment + consistency 256 256 uni 0.8365 ± 0.0043 -0.0095 0.8188 ± 0.0573 0.4876 0.8582 0.8149 0.4475
Alignment + consistency 256 256 pop 0.8351 ± 0.0096 -0.0110 0.6802 ± 0.0375 0.4215 0.8550 0.8151 0.4457

Table 19: Country-location confirmation leaderboard. Score, country-location retrieval,
reconstruction, and per-modality validation metrics are reported as mean ± s.d. across
confirmation seeds. ∆Score is relative to the no-loss baseline; −− denotes the reference row
itself. A and C are internal country-location alignment and prediction-consistency steps per
mini-epoch. Active internal losses use weight 0.25. The external geospatial-alignment branch,
transport module, backbone, and reconstruction objective are fixed.

B.2.3 Results

The confirmed winner is Align A=256, w=0.25 + pop. It reaches a score of 0.8554±0.0135 and
coordinate-to-country top-1 retrieval of 0.6990±0.0273. Relative to the no-country-location-
loss baseline, the score change is +0.0093 and the coordinate-to-country top-1 change is
+0.6531. The corresponding held-out-year correlations are 0.8774±0.0242 for gridded tasks
and 0.8333±0.0106 for country tasks. The gridded-correlation delta is +0.0022, while the
country-correlation delta is +0.0164. The predictive gain is therefore concentrated in the
country geometry rather than in the coordinate-grid geometry, indicating that this alignment
allows the relatively sparse country-level tasks to benefit from the higher-density information
found in the gridded datasets. This matters because WorldTensor is not merely a gridded

90



TerraNova — Supplementary Information

version of the country-level dataset; it contains distinct Earth-system variables, including
climate and air-pollution fields. That coordinate and country-level tasks improve one another
under joint learning is a central result: the two native geometries are mutually informative.
The consistency objective is not selected. Alignment-only increases country held-out-year
correlation by +0.0164 with population sampling and +0.0118 with uniform sampling.
Adding consistency to the matched alignment-only variant changes the confirmation score
by -0.0203 for population sampling and -0.0173 for uniform sampling. Although consistency
can raise some retrieval diagnostics, it lowers the predictive selection metric and is therefore
excluded from the carried-forward recipe. This consistency score seems to be too strong
of a regulariser and we discard it as there are no quantitative benefits in reconstruction
tasks. Furthermore, its combination with the alignment loss is even more detrimental to
reconstruction performance in both data modalities.

Figure 40: Country-location retrieval trade-off. The horizontal axis reports held-out
predictive correlation and the vertical axis reports coordinate-to-country retrieval. Error
bars show seed variation.

B.2.4 Conclusion

This ablation selects internal country-location alignment as an auxiliary representation
objective and rejects the prediction-consistency objective for the current TerraNova recipe.
The selected configuration is the population sampled, alignment-only objective with A = 256
and λcl = 0.25. The result is conceptually useful: the model already has strong coordinate-
level performance from the fixed spatial and geospatial-alignment components, while internal
country-location alignment mainly improves the administrative-country side of the joint
benchmark. This simple yet effective contrastive loss proves useful for aligning country and
gridded representations in a way that is mutually beneficial, allowing for soft-coupling of
locations and countries without any architectural enforcement.
The chosen configuration is population sampled, alignment-only objective with A = 256
and λcl = 0.25.. The consistency loss is discarded and does not move forward to the next
experiment.
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Figure 41: Per-modality trade-off. Gridded and country held-out-year correlations show
whether the alignment and consistency objectives improve one geometry at the expense of
the other.

Figure 42: Baseline-relative country-location effects. Metric deltas show that the
alignment-only variants are the main source of the predictive gain, while consistency does
not improve the selected score.
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Figure 43: Alignment and consistency contrasts. Consistency-only variants, alignment-
only variants, and joint variants are shown against the same no-loss baseline; population- and
uniformly sampled coordinate negatives show that consistency does not add to the alignment
objective.

Figure 44: Seed-paired validation deltas. Each point is a seed paired against the no-
country-location-loss baseline. Diamonds mark seed means.
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Figure 45: External geospatial-alignment preservation. The fixed external geospatial-
alignment branch remains monitored so that country-location objectives do not silently
destroy the previously selected representation property.
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Figure 46: Representative embedding geometry. Seed-42 qualitative artifacts compare
the no-loss baseline, the confirmed winner, and the lowest-scoring confirmed variant. These
panels are diagnostic only and are not used for model selection.
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B.3 Decoder & Task encoder

Figure 47: Task-conditioned decoder and evidential-head ablation scope. The
location, country, time, transport, geospatial-alignment, and country-location alignment
pathways are fixed to the selected upstream recipe. The consistency loss is inactive. The
carried-forward decoder recipe uses task embeddings, a cross-modal Transformer between
the spatiotemporal state and the task embedding, a one-layer hypernetwork decoder, and a
single NIG head emitting the four evidential parameters.

B.3.1 Motivation and scope

The preceding ablations select the coordinate, country, temporal, transport, external
geospatial-alignment, internal country-location alignment, and spatiotemporal-fusion com-
ponents of TerraNova. This ablation tests the final prediction interface: how task identity
should interact with the selected spatiotemporal representation, and how the decoder should
express predictive uncertainty.
The fixed upstream recipe is the selected sequential-ablation backbone. The country-location
alignment objective is kept active with population-weighted within-country coordinate
sampling, while the prediction-consistency objective is inactive because it was rejected in the
country-location study. The external geospatial-alignment branch and temporal transport
branch are fixed. The ablated components are the task encoder, the task–spatiotemporal
fusion module, the decoder, and the Normal-Inverse-Gamma (NIG) prediction head (Fig. 47).
This is different compared to the previous ablation studies: we move beyond a simple MSE
reconstruction objective towards a fully evidential deep learning loss function.
The design question is also different from the earlier spatiotemporal-fusion study. There, the
model learned how spatial and temporal information should combine before any task-specific
prediction. Here, the input to the decoder is already a selected spatiotemporal embedding.
We are interested in whether each prediction task should be represented only as a learned
identifier, whether it should be processed by additional residual layers, whether it should
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condition the decoder through a hypernetwork, and whether the four NIG parameters should
be predicted jointly or with separate output heads.

B.3.2 Model family

Let ui denote the fixed spatiotemporal embedding for sample i, and let ki denote the requested
reconstruction task. The task encoder first maps the task identifier to a vector eki = Eψ(ki).
The embedding-only variant uses this lookup directly. The residual task encoder instead
applies a residual MLP Rψ to the lookup: ereski = Rψ(eki). Both variants use the same task
registry and output dimension; the difference is whether task identity is allowed to pass
through extra nonlinear layers before conditioning the decoder. This was also tested for
the country encoder, where we saw that these additional residual layers gave a small but
quantifiable encoding advantage.
The task–spatiotemporal fusion block maps the fixed spatiotemporal state and the task
embedding to a conditioning vector ci = Gϕ(ui, eki). Three fusion families are tested.
The concat-MLP baseline uses ci = Mϕ([ui; eki ]). The task-only baseline removes the
spatiotemporal input from the conditioning path and sets ci = eki . This does not remove
the spatiotemporal state from hypernetwork decoders: it only means that the generated
decoder weights depend on task identity alone. Finally, the cross-modal Transformer uses
the spatiotemporal token as a query and the task token as key/value memory. With
q0 = Wuui, m = Weeki , each block applies gated cross-attention followed by a gated
feed-forward update, q̃ℓ = qℓ + gattnℓ Attn(LN(qℓ),m,m), qℓ+1 = q̃ℓ + gffnℓ FFN(LN(q̃ℓ)), and
outputs ci = WoqL. This type of model lets the spatial-temporal state ask which task
information is needed for the current prediction. With it, we enable the model to learn that
tasks are spatiotemporally dependent, rather than fixed.
Two decoder families are compared. The simple decoder predicts directly from the fused
task–spatiotemporal vector: ai = Aci + b, where ai is the raw output vector. The one-
layer hypernetwork decoder is more structured. Its weight-generating core first maps the
conditioning vector through a single hidden projection, hi = σ(Whci + bh), where σ is the
GELU nonlinearity. Parameter-generator heads then emit the weights of a sample-specific
one-hidden-layer decoder,

W1,i, b1,i,W2,i, b2,i =
(
PW1(hi), Pb1(hi), PW2(hi), Pb2(hi)

)
,

ai = GELU(uiW1,i + b1,i)W2,i + b2,i.

Thus the task-conditioned path generates the local decoder, but the generated decoder is
applied to the fixed spatiotemporal state. This preserves spatial and temporal information
at the final prediction step while allowing different tasks to use different local models. The
selected configuration uses this single-projection hypernetwork core, the generated one-hidden-
layer decoder, an L2 row-normalisation constraint on generated weights, and a single NIG
output head.

B.3.3 Evidential prediction and loss

The decoder emits four raw scalars that are transformed into Normal-Inverse-Gamma
parameters:

µi = aµ,i,
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νi = softplus(aν,i) + 0.5, αi = softplus(aα,i) + 1 + 10−4, βi = softplus(aβ,i) + 10−4.

In our implementation, we constrain the potential values for the uncertainties as:

βi ≤ σ2
max(αi − 1), νi ≥

βi
σ2
max(αi − 1)

, σmax = 3.

The single-head variant predicts (µ, ν, α, β) from one shared projection. The four-head
variant uses separate output projections for the four parameters. The latter is slightly more
flexible, but it also adds an extra degree of freedom to a parameterisation that is already
weakly identified by the predictive loss.
The NIG marginal likelihood is the Student-t likelihood obtained by integrating over the
latent Gaussian mean and variance. For a standardised target yi, with

ωi = 2βi(1 + νi),

the per-sample negative log-likelihood is

LNIG,i =
1

2
log

π

νi
−αi logωi+

(
αi +

1

2

)
log
(
νi(yi − µi)

2 + ωi
)
+log Γ(αi)− log Γ

(
αi +

1

2

)
.

The training objective adds the width-normalised evidential regulariser used throughout this
ablation:

wSt,i =

√
βi(1 + νi)

αiνi
,

Revi,i =

∣∣∣∣yi − µi
wSt,i

∣∣∣∣p (2νi + αi), p = 1,

and a soft width cap on the Student-t predictive width,

Rcap,i = max(0, wSt,i − 3)2.

The reconstructed-target loss is therefore

Lrec =
1

|B|
∑
i∈B

[LNIG,i + 0.1Revi,i + 0.1Rcap,i] .

The NIG parameters also define uncertainty diagnostics. The classic heuristic decomposition
is

Varalea =
β

α− 1
, Varepi =

β

ν(α− 1)
.

Because the split is not uniquely identified by the marginal likelihood, model selection in
this ablation does not use NLL or the uncertainty decomposition. Selection uses held-out
reconstruction RMSE, with calibration and uncertainty reported as diagnostics.
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B.3.4 Protocol

The grid we test in this experiment is

{embedding, residual} × {concat MLP, cross modal Transformer, task only}
× {MLP decoder, one layer hypernetwork} × {single NIG head, four NIG heads}.

The task-only/simple-decoder combination is excluded because the simple decoder ignores
the spatiotemporal state at the head level; with task-only conditioning it would reduce to a
task lookup with no location or time signal. This leaves 20 NIG variants. The recovered
set contains 59 summaries from the planned 20× 3 seed grid. The selected model and the
raw-RMSE rank-one H4 model both have all three confirmation seeds (42, 314, 2718). Each
confirmation run uses a fixed learning rate of 8 × 10−5, weight decay 0.02, and a target
budget of 450,000 optimisation steps. Each mixed mini-epoch contains 32,768 reconstruction
steps, 256 transport steps, 256 external geospatial-alignment steps, and 256 country-location
alignment steps. The internal prediction-consistency step budget is zero.
The primary selection statistic is validation RMSE on standardised held-out-year reconstruc-
tion:

RMSE =
1

|T |
∑
τ∈T

√
1

|Vτ |
∑
i∈Vτ

(ŷi − yi)2,

where T is the set of evaluated reconstruction tasks and Vτ is the held-out validation set
for task τ . We also report mean held-out correlation, gridded held-out correlation, country
held-out correlation, and expected calibration error.

Arch TE Dec H RMSE↓ ∆RMSE Corr↑ Grid r Ctry r ECE↓

Tr-cross emb hyper 4 0.3974 ± 0.0119 -0.0015 0.6369 ± 0.0185 0.453 0.821 0.154
Tr-cross emb hyper 1 0.3988 ± 0.0092 0.0000 0.6414 ± 0.0249 0.464 0.818 0.173
Tr-cross res hyper 4 0.4001 ± 0.0106 0.0012 0.6306 ± 0.0317 0.455 0.807 0.185
Tr-cross emb MLP 4 0.4044 ± 0.0130 0.0056 0.6436 ± 0.0160 0.462 0.825 0.182
Tr-cross emb MLP 1 0.4052 ± 0.0113 0.0064 0.6478 ± 0.0251 0.469 0.826 0.211
Tr-cross res hyper 1 0.4077 ± 0.0138 0.0089 0.6368 ± 0.0181 0.458 0.816 0.174
Tr-cross res MLP 4 0.4130 ± 0.0122 0.0142 0.6257 ± 0.0268 0.444 0.808 0.209
Tr-cross res MLP 1 0.4135 ± 0.0071 0.0146 0.6383 ± 0.0212 0.465 0.812 0.191
Concat emb MLP 1 0.4300 ± 0.0152 0.0312 0.6274 ± 0.0201 0.465 0.789 0.182
Concat emb MLP 4 0.4314 ± 0.0146 0.0326 0.6259 ± 0.0138 0.463 0.789 0.173
Task emb hyper 1 0.5081 ± 0.0182 0.1093 0.5533 ± 0.0185 0.393 0.714 0.163
Concat emb hyper 4 0.5105 ± 0.1001 0.1117 0.5568 ± 0.1065 0.406 0.707 0.203
Task res hyper 4 0.5230 ± 0.0212 0.1242 0.5351 ± 0.0056 0.425 0.645 0.186
Task res hyper 1 0.5280 ± 0.0136 0.1292 0.5410 ± 0.0309 0.396 0.686 0.155
Task emb hyper 4 0.5287 ± 0.0212 0.1299 0.5423 ± 0.0066 0.431 0.654 0.184
Concat emb hyper 1 0.6403 ± 0.0825 0.2415 0.4622 ± 0.0707 0.354 0.570 0.206
Concat res MLP 1 0.6680 ± 0.1552 0.2692 0.3931 ± 0.1476 0.289 0.497 0.189
Concat res MLP 4 0.8226 ± 0.0168 0.4238 0.1959 ± 0.0661 0.115 0.277 0.216
Concat res hyper 1 0.8587 ± 0.0278 0.4599 0.1608 ± 0.0090 0.164 0.158 0.227
Concat res hyper 4 0.8622 ± 0.0286 0.4634 0.1512 ± 0.0056 0.149 0.154 0.226

Table 20: Decoder ablation study results.
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B.3.5 Results

The best raw-RMSE model is the task-embedding, cross-modal-Transformer, one-layer-
hypernetwork decoder with four NIG heads: RMSEH4 = 0.3974± 0.0119. The corresponding
single-head model reaches RMSEH1 = 0.3988± 0.0092, only 0.0015 RMSE units worse. In
the seed-paired comparison against H4, the single-head model has a mean RMSE difference of
+0.0015 with a 95% interval from −0.0027 to +0.0057 when expressed as H1 minus H4, and
the Holm-adjusted paired test gives p = 1.0. The two variants are therefore indistinguishable
at the available seed budget. We carry forward the single-head model because it has the
same task encoder, fusion block, and hypernetwork decoder as H4, but a simpler evidential
prediction head. It also has the higher mean correlation (0.6414 versus 0.6369).

Where the error lives. Figure 48 separates the two evaluation modalities. The selected
model reconstructs country-level signals very well (rcountry = 0.82) but is weaker on the fine
gridded targets (rgrid = 0.46). The decoder ablation has therefore essentially saturated the
country modality: no variant in the grid moves the country correlation much. The remaining
error budget is in high-frequency spatial detail, not in the task-conditioning interface this
ablation studies, so once the cross-modal Transformer is in place the decoder is no longer
the bottleneck.

Figure 48: Per-modality predictive trade-off. The horizontal axis is gridded held-out-
year correlation and the vertical axis is country held-out-year correlation. The selected
single-head hypernetwork model is highlighted. It lies on the top Transformer cluster and
preserves the same gridded–country balance as the slightly lower-RMSE H4 variant: the
spread between variants is almost entirely horizontal, confirming that the decoder choice is
decided on gridded reconstruction while country performance is already saturated.
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Effect sizes against the selected model. Figure 49 compares every confirmed variant
against the selected model on matched seeds. The large positive differences come from
concat-MLP and task-only variants, especially when the residual task encoder is combined
with weak task–spatiotemporal fusion. The Transformer family is much closer to the selected
model, and the H4 comparison sits near zero. This pattern supports two conclusions: the
cross-modal Transformer is the important architectural change, and the H1/H4 distinction is
a small head-level choice within the winning family.

Figure 49: Seed-paired RMSE effect sizes relative to the selected model. Positive
bars mean the alternative has higher RMSE than the selected model on matched seeds.
The H4 variant is effectively tied with the selected H1 variant, whereas weaker fusion and
task-encoder combinations are separated by large RMSE margins.

Task-level behaviour. Figure 50 decomposes held-out R2 by reconstruction task. No single
architecture wins every task, but the Transformer variants dominate the high-performing
columns. The selected H1 model is not chosen because it wins the largest number of individual
tasks; it is chosen because it lies in the best global RMSE cluster while retaining the simpler
and more standard NIG head.

B.3.6 Conclusion

This ablation selects a task-embedding, cross-modal Transformer, hypernetwork decoder with
a single NIG head. The raw RMSE winner is the otherwise identical four-head NIG variant,
but the gap is only 0.0015 RMSE units and is not significant with three matched seeds. The
single-head model is therefore the preferred carried-forward recipe: it keeps the decisive
architectural components, removes an unnecessary output-head over-parameterisation, and
preserves the same gridded–country performance balance.
The broader result is that task conditioning must happen before the decoder and must be
allowed to interact repeatedly with the spatiotemporal state. Residual task encoders do not
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Figure 50: Task-level held-out R2 across variants. Black boxes mark per-task winners;
the selected global model is marked separately. The figure shows that task-level winners
are distributed across the Transformer family, while weaker fusion families lose many tasks
simultaneously.
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help, task-only conditioning is insufficient, and concat MLP fusion is not competitive with
cross-modal attention. A one-layer hypernetwork is a natural final readout because it lets
task identity generate a local decoder for the selected spatiotemporal state, while the NIG
head provides calibrated uncertainty diagnostics without changing the RMSE-based selection
criterion.
The chosen configuration is the task embedding, cross-modal Transformer, Hypernet-
work decoder with a single NIG head.
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B.4 Training configuration: Multi-scale curriculum, active learning, and
regularisation

Figure 51: Multi-scale, active-learning, and evidence ablation scope. The entire
model architecture, data diet, optimiser, and evaluation protocol are fixed to the carried-
forward evidential recipe selected by the preceding decoder and task-encoder ablation. Orange
components mark the three training-time interventions tested in this study, each shown on
the pipeline stage it acts upon: the scale curriculum coarsens the coordinate input, active
resampling reweights the task input, and the evidence coefficient scales the Normal-Inverse-
Gamma (NIG) reconstruction loss. The consistency objective is inactive. The task encoder
is an embedding lookup, the fusion block is the selected cross-modal Transformer, and the
decoder is the fixed single-head hypernetwork NIG decoder.

B.4.1 Motivation and scope

The preceding ablations select the architecture of TerraNova: the coordinate, country,
temporal, transport, external geospatial-alignment, internal country-location alignment,
spatiotemporal-fusion, task-encoder, decoder, and evidential-head components are all fixed by
the sequential studies that come before this one. This ablation tests a different set of design
choices. Rather than asking what the model should be, it asks how the model should be trained:
whether a coarse-to-fine spatial-scale curriculum, an uncertainty-driven active-resampling
schedule, and the strength of the evidential regulariser improve the evidential reconstruction
model under a fixed optimiser budget. These are training-procedure interventions, not
architectural ones, so they are studied jointly on a single frozen hypothesis class.
The upstream recipe is held fixed at the carried-forward winner of the decoder ablation
(Fig. 47). The coordinate branch, country branch, temporal branch, transport module,
external geospatial-alignment branch, and country-location alignment objective are all kept
at their selected configurations; the prediction-consistency objective is inactive because it was
rejected in the country-location study. The task encoder is embedding-only, the fusion block
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is the cross-modal Transformer, and the decoder is the single-head one-layer hypernetwork
emitting the four NIG parameters. The data, the optimiser family and base learning rate, the
precision, the effective batch size, the step-family mixture, the geo-alignment configuration,
the modality-balance fraction, and the evaluation protocol are constant across all runs.
Only the three training-time interventions vary, which makes the design a clean estimate of
training-procedure effects on a fixed model.
The scale curriculum A ∈ {off, on} trains coarse-to-fine over resolutions 1.0◦→0.5◦→0.25◦

with a per-scale learning-rate restart; active learning B ∈ {off, on} resamples tasks by
their evidential uncertainty; and the evidence coefficient C = λev ∈ {0.1, 0.3} scales the
width-normalised evidence regulariser. This is a 2× 2× 2 grid, replicated over three seeds
(42, 314, 2718) for 24 runs in total. As in previous runs, we tested against the held-out
reconstruction error and calibration diagnostics.

Hypothesis 1 (Curriculum). The scale curriculum reduces reconstruction error relative to
native-resolution training at equal optimiser budget; the main effect of A on the selection
metric is negative.

Hypothesis 2 (Active learning). Uncertainty-driven resampling reduces error and improves
calibration; the main effect of B is favourable on both the accuracy and the calibration axes.

Hypothesis 3 (Evidence strength). Increasing λev trades sharpness for calibration: larger
λev regularises the evidential head toward better-calibrated but less sharp predictives, with a
non-monotone effect on point error.

Hypothesis 4 (Interaction). The curriculum and active learning interact: both reshape the
effective training distribution, so their joint effect departs from additivity.

B.4.2 Fixed evidential backbone

We summarise here the fixed backbone to fix notation; it is identical in every run. A query is
a triple (τ, s, t) of a task identifier τ , a spatial location s = (lon, lat) (or a country token), and
a time t (year, optionally month and day). The location, time, task, and country encoders
map these to embeddings es, et, eτ , ec ∈ Rd. The task encoder is embedding-only, a learned
lookup eτ = E[τ ] with no residual MLP branch, which is the configuration that won the
decoder ablation. A spatiotemporal token zst is formed from es, et (and ec when a country
query is active) and fused with the task token by a cross-modal Transformer, in which the
spatiotemporal token attends to the task token as key/value memory, producing a fused
context h = Fuse(eτ , zst) ∈ Rdf . A one-layer hypernetwork gϕ then maps the task token
to the weights of a small per-task predictor, which is applied to h to emit the four NIG
parameters of a single shared head,

(µ, ν, α, β) = fθ(τ, s, t), µ ∈ R, ν > 0, α > 1, β > 0. (107)

Positivity is enforced with softplus offsets, ν = softplus(·) + 1
2 , α = 1 + softplus(·) + 10−4,

β = softplus(·) + 10−4, and the loss applies numerical floors in fp32 for the log and Γ
terms. The single-head choice, rather than four independent parameter heads, is the decoder
ablation’s winner and is held fixed here.
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B.4.3 Evidential prediction and loss

Following deep evidential regression, we place a conjugate Normal-Inverse-Gamma prior on
the unknown mean γ and variance σ2 of a Gaussian observation model, y ∼ N (γ, σ2) with
γ ∼ N (µ, σ2/ν) and σ2 ∼ Γ−1(α, β), so that (γ, σ2) ∼ NIG(µ, ν, α, β). The network emits
the four hyperparameters per query. Marginalising γ and σ2 gives a Student-t posterior
predictive,

p(y | µ, ν, α, β) = St
(
y; µ, β(1+ν)

ν α , 2α
)
, (108)

whose exact negative log-density, writing Ω = 2β(1 + ν), is the per-sample NIG negative
log-likelihood

LNLL(y) = 1
2 log

π

ν
− α log Ω +

(
α+ 1

2

)
log
(
ν(y − µ)2 +Ω

)
+ log Γ(α)− log Γ

(
α+ 1

2

)
. (109)

The classic evidence regulariser |y − µ|(2ν + α), is known to drive ν→0 and to confound
aleatoric noise with epistemic uncertainty because ν and α are not separately identifiable
from eq. (109). We therefore use the width-normalised regulariser built on the identifiable
Student-t predictive width

wSt =

√
β(1 + ν)

αν
, (110)

which is the scale of the marginal in eq. (108). The regulariser penalises the standardised
residual, weighted by the total evidence 2ν + α,

LR(y) =
∣∣∣∣y − µ

wSt

∣∣∣∣p (2ν + α), p = 1, (111)

so that only errors that are large relative to the predicted scale accrue an evidence penalty,
and a genuinely high-noise region is not mistaken for an epistemically uncertain one. Because
targets are per-task standardised to unit marginal variance, an admissible predictive width is
O(1); eq. (111) leaves a degenerate escape hatch (wSt→∞ makes the standardised residual
vanish), which we close with a smooth one-sided cap

Lcap(y) = relu
(
wSt −Wmax

)2
, Wmax = 3, (112)

a soft, differentiable bound at ≈ 3σ on standardised data that never hard-clamps. The
reconstruction objective for one observation is therefore

L(y) = LNLL(y) + λev LR(y) + κLcap(y), κ = 0.1, (113)

reduced by the mean over the batch. The evidence coefficient λev is the third ablation factor;
the width-cap coefficient κ is fixed. For ranking and for active learning we use the identifiable
Meinert proxies: the predictive width wSt of eq. (110) as the aleatoric scale and 1/

√
ν as the

epistemic evidence, with total uncertainty U = wSt + 1/
√
ν.
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B.4.4 Configuration 1: spatial-scale curriculum

The curriculum visits resolutions r1 > r2 > · · · > rS in degrees, coarse to fine, with native
resolution rS = mins rs; the study uses (r1, r2, r3) = (1.0◦, 0.5◦, 0.25◦). Given a total of N
epochs derived from the target optimiser-step budget and per-scale fractions f1, . . . , fS−1

with the final scale taking the remainder, the per-scale epoch counts are

cs = max
(
1, round(fsN)

)
(s < S), cS = N −

∑
s<S

cs, (114)

with a finest-first repair: if cS would be non-positive, epochs are returned from coarse
scales (decrementing cs while cs > 1) until cS ≥ 1, and if N ≤ S the coarsest scales are
dropped so the finest scales are always trained. By construction

∑
s cs = N , and scale s is

active over epochs [
∑

s′<s cs′ ,
∑

s′≤s cs′). Coarsening acts only on gridded reconstruction
batches when the active resolution exceeds native (r > rS); country tasks carry a single
representative coordinate and are untouched. Each coordinate is snapped to the r-grid,
qr(x) = round(x/r) · r, and labels are mean-pooled within each occupied cell (ŝ, year),

ỹi =
1

|C(i)|
∑
j∈C(i)

yj , C(i) = { j : (ŝj , yearj) = (ŝi, yeari) }, (115)

so the model sees a smoothed, lower-frequency target field early in training and the full-
resolution field once the native scale is reached. At each scale transition the optimiser
schedule is restarted with a fresh warmup-cosine cycle sized to that scale’s epoch count
cs (Loshchilov and Hutter, 2017): warmup over a proportional prefix and cosine decay to
the floor over the remainder of cs. This prevents a coarse scale’s decay tail from suppressing
learning on the next finer scale, and ensures the native scale receives a full, fresh decay to
the minimum learning rate.

Algorithm 8 Scale-curriculum control (per epoch)
Require: resolutions r1> . . .>rS , fractions f1:S−1, epochs N
c1:S ← epoch budget by eq. (114); cumulative starts σs
for each training epoch e = 0, 1, . . . , N − 1 do

s← max{ i : ci > 0 and e ≥ σi } ▷ active scale index
if s changed from previous epoch then

restart warmup-cosine schedule for cs epochs ▷ if enabled
set current resolution rs; log train/scale_resolution

for each reconstruction batch do
if rs > rS and batch is gridded then

coarsen labels to grid rs by mean-pooling

B.4.5 Configuration 2: evidential active resampling

Every K epochs (study: K = 2) and for every task t in the live sampler T , a callback draws n
held-out validation points (study: n = 64), evaluates the model to obtain (µ, ν, α, β) per point,
and computes the mean identifiable total uncertainty ut =

1
n

∑
i(w

(i)
St + ν(i)−1/2). Coverage is
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per-task by construction: no task is left at its default weight. The per-task signal is smoothed
with an exponential moving average (decay d; study d = 0.5), ūt ← d ūt+(1−d)ut initialised
at the first measurement, and converted to a multiplicative adjustment of each task’s base
sampling probability p0t . With mean signal ⟨ū⟩ = |T |−1

∑
t ūt, strength exponent s (study

s = 0.5), and clamps [mmin,mmax] = [0.2, 5.0],

mt = clip

(( ūt
⟨ū⟩

)s
, mmin, mmax

)
, wt = p0t mt, pt =

wt∑
t′ wt′

. (116)

The exponent s tunes aggressiveness (s = 0 disables reweighting; smaller is gentler) and the
clamps bound how far any task may drift from its prior.

Algorithm 9 Evidential active resampling (every K epochs)

Require: base probabilities p0, decay d, strength s, clamps mmin,mmax, budget n
1: for each task t ∈ T do
2: draw n validation points; evaluate (µ, ν, α, β)

3: ut ← 1
n

∑
i(w

(i)
St + ν(i)−1/2)

4: ūt ← d ūt + (1− d)ut ▷ EMA; init ūt=ut

5: ⟨ū⟩ ← meant ūt
6: for each task t do
7: mt ← clip

(
(ūt/⟨ū⟩)s,mmin,mmax

)
; wt ← p0tmt

8: pt ← wt/
∑

t′ wt′ ; write {pt} to sampler; append audit log

B.4.6 Configuration 3: evidence-regularisation strength

The third factor is the coefficient λev on the width-normalised evidence regulariser in
eq. (113). It governs how strongly the head is pushed to report evidence commensurate
with its standardised error: small λev lets the NLL dominate, giving sharper but potentially
over-confident predictives, while larger λev inflates the penalty on under-supported confidence,
widening predictives toward better coverage at some cost in sharpness (hypothesis 3). The
study sweeps λev ∈ {0.1, 0.3}; all other loss coefficients, including the width-cap weight
κ = 0.1, are fixed.

B.4.7 Protocol

All runs share the protocol below; only the three factors vary. Training is mixed-precision
bf16 with a fixed base learning rate and weight decay, and the warmup-cosine schedule
is restarted per scale when the curriculum is active and run as a single cycle otherwise;
gradient accumulation realises the target effective batch size. Each epoch draws a fixed
mixture of step families (reconstruction, geo-alignment, country-alignment, transport), with
the reconstruction family carrying the NIG objective of eq. (113), and a modality-balance
fraction pins the country/gridded split of reconstruction steps so the data diet is constant
across cells. The spatiotemporal alignment objective is held at the winner configuration of
the preceding alignment study, so alignment is a constant rather than a factor.
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The primary, pre-registered selection statistic is the reconstruction validation root-mean-
squared error on standardised held-out-year targets,

RMSE =

√√√√ 1
M

M∑
i=1

(µi − yi)2, (117)

where the point prediction is the NIG location µ; lower is better. We report it overall
and split by modality (gridded versus country), with the prediction-target correlation as
a secondary diagnostic. Because the model is evidential, calibration is reported as a co-
equal family of diagnostics that does not enter selection: the negative log-likelihood (NLL),
expected calibration error (ECE), the Kolmogorov-Smirnov statistic of the probability-
integral-transform residuals against uniformity (KS-PIT), sharpness as the mean predictive
width, and the empirical coverage of the nominal 50/95% predictive intervals. Each metric is
summarised per cell as a mean ± standard deviation over the three seeds.

B.4.8 Results

All 24 runs completed and the design is fully balanced (8 cells × 3 seeds) with no missing or
errored runs. The eight cells of the 2× 2× 2 design are shown over their three factor axes in
Fig. 52. The confirmed winner is no curriculum, active learning on, λev = 0.3, reaching
a selection RMSE of 0.307 ± 0.048 and a calibration NLL of 1.50 ± 0.06 (Table 21). It is
simultaneously the most accurate and has by far the lowest calibration NLL (the next-lowest
is 18.1 and the worst exceeds 330), though on the sharper ECE and KS–PIT statistics it
trades some quality for this NLL and coverage advantage (discussed below). It is rank-one
on RMSE in all three seeds.

RMSE corr NLL RMSE by modality

SC AL ε mean±sd ∆∗ mean±sd ∆∗ mean±sd ∆∗ grid ctry

off on 0.3 0.307 ± 0.048 – 0.738 ± 0.031 – 1.50 ± 0.06 – 0.303 0.316
on on 0.3 0.329 ± 0.056 +0.021 0.721 ± 0.042 -0.017 18.08 ± 23.38 +16.58 0.335 0.326
off on 0.1 0.331 ± 0.051 +0.024 0.740 ± 0.038 +0.002 85.71 ± 66.46 +84.21 0.300 0.366
off off 0.3 0.369 ± 0.054 +0.062 0.703 ± 0.032 -0.034 88.19 ± 64.04 +86.69 0.360 0.382
on on 0.1 0.371 ± 0.053 +0.063 0.700 ± 0.037 -0.037 204.44 ± 149.66 +202.94 0.352 0.392
off off 0.1 0.381 ± 0.051 +0.074 0.695 ± 0.027 -0.043 332.35 ± 236.97 +330.84 0.364 0.401
on off 0.3 0.392 ± 0.055 +0.084 0.688 ± 0.035 -0.050 71.79 ± 69.12 +70.28 0.374 0.413
on off 0.1 0.405 ± 0.057 +0.098 0.684 ± 0.037 -0.053 208.45 ± 184.89 +206.94 0.380 0.434

∗∆ vs. best config (shaded); lower RMSE/NLL and higher corr are better.

Table 21: Summary leaderboard. Per cell, RMSE, correlation, and calibration NLL are
reported as mean ± s.d. over the three seeds, each with the increment ∆∗ relative to the best
(shaded) configuration, followed by the RMSE split by modality (gridded versus country).
Rows are ordered by RMSE; lower RMSE and NLL and higher correlation are better.

Main effects. Active learning is the dominant beneficial factor, with ∆̂RMSE = −0.052
(95% CI [−0.061,−0.043]), and it lowers the mean calibration NLL from 175 to 77. The
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Figure 52: Factorial design cube. The eight vertices of the 2 × 2 × 2 design over the
scale-curriculum, active-learning, and evidence-coefficient axes, coloured by mean selection
RMSE (darker is lower). The best vertex (SC off, AL on, ε=0.3) is ringed; moving along
the active-learning axis lowers RMSE, while activating the curriculum raises it.
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Figure 53: Mean selection RMSE ± s.d. over seeds, with the individual seed points overlaid.
The best cell (SC off, AL on, ε=0.3) is separated from the field, and every active-learning
cell outranks its no-active-learning counterpart.

evidence coefficient improves accuracy modestly (∆̂RMSE = −0.023) and is the principal
driver of calibration. The scale curriculum, increases error (∆̂RMSE = +0.027; marginal
RMSE 0.374 on versus 0.347 off).

Figure 54: Main effects. Per-factor level means with 95% bootstrap confidence intervals and
run points overlaid. Active learning and the evidence coefficient lower RMSE; the curriculum
raises it.

Calibration and uncertainty. The accuracy-calibration relationship (Fig. 56) places the
best cell in the lower-left corner (low RMSE and low NLL), with the Pareto front populated
entirely by active-learning cells. The mechanism is visible in the calibration diagnostics
(Table 22) and the uncertainty decomposition (Fig. 57): raising λev from 0.1 to 0.3 widens
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Figure 55: Paired factor effect sizes. Mean paired high−low RMSE contrast per factor
with 95% bootstrap confidence intervals and Holm-adjusted significance. Active learning has
the largest favourable effect; the curriculum effect is unfavourable.

the predictive (mean width 0.50→1.47) and raises both the aleatoric and epistemic proxies,
removing the catastrophic over-confidence responsible for the large NLLs. This is a trade-off
rather than a uniform improvement, as anticipated in hypothesis 3: expected calibration
error is essentially flat across factors (ECE ≈ 0.17–0.22), the KS-PIT statistic mildly worsens
at λev = 0.3 (0.34→ 0.44), and 95% coverage drifts from 0.980 to 0.997, that is, toward
over-coverage. The NLL gains come from suppressing the over-confident tail, not from
uniformly sharper-and-correct predictions. This may partly reflect unconverged training,
as computational constraints did not allow these three-seed configurations to run for a full
training budget.

Figure 56: Accuracy-calibration trade-off. Selection RMSE against calibration NLL
across cells. The Pareto front is composed entirely of active-learning cells and the best cell
dominates the lower-left corner.
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Cell NLL ECE KS-PIT Sharp Cov50 Cov95

SC- AL+ ec=0.3 1.50 0.216 0.458 1.80 0.99 1.00
SC+ AL+ ec=0.3 18.08 0.212 0.433 1.44 0.98 1.00
SC- AL+ ec=0.1 85.71 0.188 0.365 0.81 0.88 0.99
SC- AL- ec=0.3 88.19 0.211 0.425 1.24 0.98 1.00
SC+ AL+ ec=0.1 204.44 0.168 0.323 0.47 0.88 0.97
SC- AL- ec=0.1 332.35 0.172 0.328 0.28 0.87 0.97
SC+ AL- ec=0.3 71.79 0.211 0.426 1.41 0.99 1.00
SC+ AL- ec=0.1 208.45 0.180 0.348 0.42 0.91 0.99

Table 22: Calibration diagnostics per cell. NLL, ECE, KS-PIT, sharpness (mean
predictive width), and 50/95% coverage. The winning cell has a NLL more than an order of
magnitude below the next-best cell, while ECE is nearly constant across the grid.

Figure 57: Uncertainty decomposition by factor. Aleatoric (wSt) and epistemic (1/
√
ν)

proxies aggregated over each factor level; the evidence coefficient is the dominant control on
predictive width.
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Ranking robustness and mechanism. The winning cell is rank-one in all three seeds
and the cell ordering is stable across seeds (Fig. 58).

Figure 58: Per-seed rank trajectories. Each line tracks a cell’s rank across the three
seeds; the best cell is rank-one in every seed and the overall ordering is stable.

B.4.9 Conclusion

This ablation selects the training procedure for the fixed evidential reconstruction model.
Active resampling is the single most valuable lever, lowering reconstruction error (∆̂RMSE =
−0.052, d = −0.89) and roughly halving the calibration NLL, and it supports hypothesis 2
on both axes. A larger evidence coefficient (λev = 0.3) is a cheap and consistent calibration
gain that also modestly improves accuracy, supporting hypothesis 3, with the nuance that
the benefit is concentrated in the NLL tail rather than in ECE or PIT uniformity. The
two configurations act additively, so the predicted active-learning×curriculum interaction
of hypothesis 4 is not supported. The scale curriculum, by contrast, significantly hurts
reconstruction (∆̂RMSE = +0.027), refuting hypothesis 1; candidate explanations are that
the mean-pool coarsening discards high-frequency signal the fixed budget cannot recover at
native resolution, that the per-scale learning-rate restart interacts poorly with the remainder
of the schedule, or that the standardised-target regime renders the coarse stages nearly
redundant. Another explanation is that the hybrid location encoder architecture, which
includes a multi-resolution hash encoding, is designed to handle high resolution data from the
beginning, and expending training budget in lower resolutions ultimately hurts the capacity
of the model to encode high-resolution signals.
The chosen configuration is active learning on, evidence coefficient λev = 0.3, and no
scale curriculum.
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B.5 Backward confirmation: the two alignment objectives

B.5.1 Motivation and scope

Every ablation up to this point is a step of a forward, greedy selection: a component is
isolated, compared against alternatives while the rest of the model is held fixed or disabled,
and the winner is promoted into the next stage. Forward selection is the only tractable way
to search a space this large, but it has a known blind spot. A component chosen while its
collaborators were absent may be redundant once they are present, and a component that
looked decisive in isolation may contribute nothing at the end of the chain. Greedy selection
cannot see this, because it never re-tests an early choice against the final model. This study
closes that gap for the two components on which the paper’s central architectural claim rests:
the two alignment objectives. TerraNova carries two native geometries and two losses that
tie its representation:

Internal alignment The country–location objective (§A.9.3; forward study in §B.2) is the
only route by which a country query is matched to coordinates. Nothing else in the
architecture connects the two geometries.

External alignment The geospatial objective (§A.9.2; forward study in §B.1.19) ties the
location representation to three pretrained geo-foundation embeddings: SatCLIP,
GeoCLIP and Copernicus.

The first is a claim about multimodality : two geometries, one bridge. The second is a claim in
the spirit of the platonic-representation hypothesis (Huh et al., 2024): that a representation
improves by being pulled towards the geometry other strong models have already found.
Forward selection established that each objective helps when added. It cannot say whether
either still earns its place in the finished model, nor what exactly each one buys.

A crossed pair. We train two knockouts from an otherwise identical production recipe:

internal (country–location) external (geo)

–country off on
–geo on off

The two runs agree on every other hyperparameter and differ only in which alignment
objective each drops. This is deliberate, and it is what makes the study self-contained: each
knockout retains the objective the other removes, so each is the other’s matched
control. No model in which nothing is removed is required, and the shared background
cancels exactly in the contrast.

The estimator. For a capability c measured on tasks t, we form the single contrast

∆̂(c) = aggt

[
y–geo(t, c) − y–country(t, c)

]
, (118)

where ym(t, c) is the score of run m, oriented so that higher is better. Because the two runs
are identical apart from which alignment objective they drop, any departure of ∆̂(c) from
zero is attributable to the alignment objectives, and its sign says which one:
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• ∆̂(c) > 0 — the model lacking geo alignment is the better one, so c depends on the
country–location objective;

• ∆̂(c) < 0 — the model lacking country alignment is the better one, so c depends on
the geo objective;

• ∆̂(c) ≈ 0 — c depends on neither, which is the specificity control.

One contrast, read across capabilities, therefore tests both objectives at once. This is a 2× 2
factorial observed at its two off-diagonal cells. It does not identify either objective’s main
effect against a both-on model but it does identify a double dissociation, which is precisely
what the hypotheses below predict and a strictly stronger causal statement than “removing
it makes things worse”.

B.5.2 Hypotheses

Hypothesis 5 (Coupling). The country–location objective is the only route by which a
country query is matched to coordinates. Removing it should not merely degrade the cross-
geometry capabilities but sever them: coordinate-to-country retrieval should fall to chance,
and national-to-gridded downscaling to the flat-national null (a within-country correlation of
zero, which is by construction the score obtained by painting each country its own national
mean). Purely within-geometry skill should be untouched.

Hypothesis 6 (Support). The three external teacher banks are land-only by con-
struction: they are precomputed at 500k land coordinates each (satclip_land_500k,
geoclip_land_500k, copernicus_land_500k), so the geospatial objective is never eval-
uated at an ocean coordinate. If external alignment works by importing structure that the
teachers possess, its benefit must appear exactly on the teachers’ support and vanish off it.
Removing it should therefore cost representation quality on land targets and nothing on
ocean targets. The ocean targets are a support-matched placebo that the design supplies for
free.

Together the two hypotheses predict a double dissociation: each objective’s removal should
damage the capability family that objective serves, and leave the other family alone.

B.5.3 What we measure — and one probe we deliberately do not

Cross-geometry coupling (head-free). The training-time validation harness records
the country–location diagnostics directly from the model’s native embeddings: a country
embedding and the mean location embedding of that country are compared by cosine
similarity, with no learned projection anywhere in the path. We report coordinate-to-country
top-1 retrieval, country-to-location top-1 retrieval, and the raw country–location cosine, over
a fixed pool of 22 countries (so chance is 1/22 = 0.045). These are aggregate diagnostics over
a fixed evaluation set rather than per-task quantities, and are reported as point estimates
without intervals.

Downstream capabilities. Each checkpoint is then evaluated on the paper’s own protocols.
Representation quality : held-out field reconstruction from a frozen embedding probe at label
budgets {256, 1024, 4096}, over 11 targets (9 land, 2 ocean), each averaged over three
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evaluation seeds. Cross-geometry transfer : national-to-gridded downscaling on four leakage-
free targets, scored by the recovered within-country structure, over two evaluation seeds.

A probe we deliberately do not use. The obvious way to score the geo-alignment
knockout is the alignment retrieval accuracy against the external targets, and it does collapse:
from 0.42 to 0.000. We do not report it, because it is tautological. That probe projects
the representation through a learned alignment head, and the alignment head is trained by
nothing except the geospatial-alignment loss. With the loss switched off the head remains at
its random initialisation, so retrieval is at chance by construction, whatever the representation
underneath is like. The number measures the probe, not the model. Every quantity we do
report is read either from head-free native embeddings or from a downstream task that never
touches an alignment head.

Statistics. Compute permitted a single training seed (42) per knockout, so a seed-paired
test is unavailable and we take the task as the unit of analysis. For the reconstruction probe
we report the per-task contrast of Eq. 118 at every budget, the mean over targets within each
domain, and the count of targets on which the sign holds; the domain split is pre-registered
by Hypothesis 6 and is not chosen after the fact. For downscaling we report the per-target
mean over evaluation seeds. Given 9 land targets, 4 downscaling targets and 2 ocean targets,
we lean on effect sizes, sign consistency and the distance from a known null (chance retrieval;
zero within-country correlation) rather than on p-values, which at these sample sizes would
be uninformative either way.

B.5.4 Results

Cutting the internal bridge severs both cross-geometry capabilities. Removing the
country–location objective drives coordinate-to-country retrieval from 0.730 to 0.043, against
a chance level of 0.045; that is, exactly to chance (Table 23, Fig. 59a). Country-to-location
retrieval falls from 0.955 to 0.091, and the raw country–location cosine from 0.761 to 0.198.
The two geometries are not degraded; they are decoupled. National-to-gridded downscaling
collapses in step (Fig. 59b, Table 24): the within-country correlation falls to −0.02, +0.04,
+0.03 and −0.00 on GPP, LAI, fAPAR and tree cover respectively; zero on all four, meaning
the model recovers no sub-national structure whatsoever and does no better than assigning
every cell its country’s national mean. The control retains +0.23 to +0.39 on the same
four targets. This supports Hypothesis 5 in its strong form. Crucially, the same model is
untouched within a geometry: reconstruction RMSE is 0.276 against the control’s 0.272, and
calibration ECE 0.173 against 0.172.

External alignment pays off exactly on its teachers’ support. Removing the
geospatial objective costs ∆R2 = −0.149 averaged over the nine land targets at the largest
label budget, and it does so on all nine (Fig. 59c, Table 25). from −0.084 on surface PM2.5

up to −0.219 on photovoltaic potential and −0.211 on leaf-area index. On the two ocean
targets, which lie off the teachers’ support, the same knockout costs −0.014: nothing. The
dissociation is not an artefact of a single operating point. It holds at every label budget, land
−0.122/− 0.148/− 0.149 at 256/1024/4096 points, 9/9 negative each time, against ocean
+0.036/+0.009/− 0.014, whose sign is not even stable (Fig. 60). This supports Hypothesis 6:

117



Rodriguez-Pardo and Tavoni

alignment to external representations improves this model’s own representation precisely
where those representations have something to say, and not elsewhere.

The two effects are dissociated. Each objective’s removal damages its own capability
family and spares the other’s. The model without country alignment sits at chance on
cross-geometry retrieval but is indistinguishable from its control on land reconstruction;
the model without geo alignment loses 0.149 R2 on land but retains coordinate-to-country
retrieval at 0.730, sixteen times chance. Because the two runs share everything except which
objective they drop, this double dissociation cannot be explained by a difference in recipe,
capacity, or training budget. The two alignment objectives do genuinely distinct work.

Probe −geo align −country align chance

cross-geometry (head-free native embeddings)
coordinate → country 0.730 0.043 0.045

country → location 0.955 0.091 0.045

country ↔ location cosine 0.761 0.198 –

within-geometry (unaffected)
reconstruction RMSE 0.272 0.276 –
calibration ECE 0.172 0.173 –

Table 23: Cross-geometry coupling probes. Measured on the model’s native country
and location embeddings by cosine similarity, with no learned projection in the path, over a
fixed pool of 22 countries (chance = 1/22). Removing the country–location objective takes
coordinate-to-country retrieval to chance, while leaving within-geometry reconstruction and
calibration unchanged. –geo, which retains the objective, is the control.

Target −geo align −country align ∆

GPP +0.376 −0.023 −0.399
LAI +0.385 +0.039 −0.346
fAPAR +0.339 +0.031 −0.308
Tree cover +0.228 −0.004 −0.232

Table 24: National-to-gridded downscaling. Within-country correlation, averaged over
two evaluation seeds; 0 is the flat-national null, the score obtained by assigning every cell its
country’s national mean. Removing the country–location objective removes the capability
entirely. This contrast is if anything conservative: the control, –geo, is itself somewhat
weakened on this task by the loss of external alignment.
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Figure 59: The two alignment objectives do distinct work. A crossed pair of knockouts:
–country drops the internal country–location objective and keeps the external one; –geo
does the reverse. They are identical in every other respect, so each is the other’s control.
(a) Cross-geometry retrieval, measured on the model’s native embeddings with no learned
probe. Removing the country–location objective drops coordinate-to-country retrieval to
0.043 against a chance level of 1/22 = 0.045: the geometries are decoupled, not degraded. (b)
National-to-gridded downscaling. The same knockout falls to a within-country correlation of
zero on all four targets while the control retains 0.23 to 0.39. (c) Frozen-probe reconstruction
R2. The geo-alignment knockout loses 0.149 R2 on all nine land targets and nothing (−0.014)
on the two ocean targets. The three external teacher banks are land-only by construction, so
the ocean targets act as a support-matched placebo: external alignment helps exactly where
its teachers have support. Each objective damages its own capability family and spares the
other’s.
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budget 256 budget 1024 budget 4096

Task −geo align −country align ∆ −geo align −country align ∆ −geo align −country align ∆

land
fAPAR 0.399 0.539 −0.140 0.409 0.588 −0.179 0.437 0.614 −0.177
LAI 0.277 0.475 −0.197 0.331 0.553 −0.222 0.365 0.575 −0.211
PV potential 0.526 0.721 −0.195 0.549 0.758 −0.209 0.551 0.771 −0.219
Richness (amph.) 0.318 0.319 −0.001 0.249 0.310 −0.061 0.303 0.386 −0.083
Richness (birds) 0.425 0.516 −0.090 0.446 0.586 −0.140 0.466 0.605 −0.139
Richness (mamm.) 0.407 0.535 −0.127 0.481 0.600 −0.119 0.493 0.616 −0.122
PM2.5 0.373 0.445 −0.072 0.420 0.526 −0.106 0.444 0.542 −0.098
GPP 0.397 0.553 −0.156 0.460 0.612 −0.151 0.475 0.620 −0.145
Tree cover 0.431 0.555 −0.123 0.470 0.610 −0.140 0.472 0.616 −0.144
mean ∆ −0.122 −0.148 −0.149

ocean
Ocean NPP 0.387 0.331 +0.056 0.423 0.397 +0.025 0.437 0.440 −0.003
Sea-surf. salinity 0.102 0.086 +0.016 0.169 0.175 −0.007 0.175 0.200 −0.025
mean ∆ +0.036 +0.009 −0.014

Table 25: Frozen-probe reconstruction R2 by domain and label budget. ∆ = –geo −
–country, so a negative value means removing geo alignment is worse. Each entry is a mean
over three evaluation seeds. Removing external alignment costs R2 on every land target at
every budget, and nothing at sea.

Figure 60: The land/ocean dissociation is not an artefact of one operating point.
Mean ∆R2 (Eq. 118) for the geo-alignment knockout, by domain, at each label budget; the
band spans the per-target range. The land band lies wholly below zero at every budget and
never overlaps the ocean band, whose sign is not even stable.
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Figure 61: Coupling probes and downscaling, in full. (a) All three head-free country–
location probes, including the raw cosine similarity, which needs no retrieval pool and
therefore no chance baseline: it falls from 0.761 to 0.198. (b) Downscaling, per evaluation
seed rather than averaged.

B.5.5 Limitations

First, the crossed design identifies the contrast between the two alignment objectives, not
either one’s absolute marginal contribution: no model was trained in which neither objective
is removed, so we report relative degradations and never an absolute effect on the finished
model. Second, each configuration was trained once (seed 42); the spread we report is over
tasks and evaluation seeds, not over training seeds, and a difference consistent across tasks
may still reflect a single lucky or unlucky initialisation. Third, the off-support placebo rests
on only two ocean targets; the direction is unambiguous and holds at all three budgets, but
the ocean estimate is correspondingly imprecise. Fourth, the coupling probes are aggregate
diagnostics over a fixed 22-country pool, so country-to-location top-1 is quantised in steps of
1/22; the coordinate-to-country probe, which is computed over many locations, and the raw
cosine, which is continuous, carry the weight of the claim.

B.5.6 Conclusion

Backward confirmation on the final model supports both alignment objectives, and shows
that they earn their place for different reasons. The internal country–location alignment
is load-bearing: it is the only bridge between TerraNova’s two native geometries, and
cutting it does not weaken the cross-geometry capabilities but abolishes them while leaving
everything within a geometry untouched. The external geospatial alignment improves
the representation itself, and it does so precisely on the support of the models it borrows
from: removing it costs R2 on every land target at every label budget and nothing at all on
the ocean targets its teachers never saw. The first result is what makes TerraNova multimodal
rather than two models in a trenchcoat; the second is a concrete, falsifiable instance of the
platonic-representation hypothesis, complete with the placebo condition that a weaker version
of the claim would fail.
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Appendix C. Extended Results

C.1 Static reconstruction benchmark

Figure 62 showseleven held-out targets, nine read-outs and seven label budgets, the six of the
main text together with a 128-label column below its range, each cell a mean over three seeds.
At the largest budget TerraNova’s task-adapted read-out is at or above the best baseline on
every target, so its mean rank is 1.00, ahead of RANGE+ at 2.18 and GT-Loc at 4.27; a
linear probe on the same frozen embedding is seventh of the nine, at a mean rank of 6.00,
below five of the published encoders. The comparison is not capacity-matched: the adapted
read-out fits a fresh task row and rank-4 MiSS residuals at 416,000 trainable parameters per
task, whereas the published encoders are read by a probe on frozen features, so the margin
is a statement about task-conditioned decoding rather than about the linear separability of
the embedding.
Splitting the regression targets by domain (Fig. 63) separates a property of a representation
from a property of its training data. Every image-trained encoder loses skill when it moves
from land to ocean, by between 0.12–0.60 R2, whereas TerraNova loses 0.01 with a seed
interval that spans zero, and the random-Fourier null loses nothing at all because it has no
learned land prior to lose. The ordering is the same at every label budget and no image-
trained encoder closes its deficit at the largest one, so it is a property of what those encoders
saw in training rather than a small-sample artefact.
The same protocol run on categorical targets asks a harder question, since a class map has
to be right about the boundaries and not merely about the level. Reconstructing the 847
terrestrial ecoregions from coordinates alone (Fig. 64), and under that figure’s own sampling,
the task-adapted read-out reaches 0.68 accuracy, level with RANGE+, against 0.59 for the
frozen probe of the same model and 0.53 for the random-Fourier positional null.

C.2 Temporal transfer

The temporal battery is 29 leakage-clean national indicators, each split by holding out its
earliest and latest years, and Figure 65 reads it indicator by indicator and horizon by horizon
rather than pooled. The two directions behave differently. Backcasting, TerraNova matches
the fitted linear trend throughout, sitting a little above it at every horizon within overlapping
bands and falling from 0.81 one year before the training window to 0.60 six years before
it while the trend falls from 0.73 to 0.59. Forecasting, it leads at one year ahead (0.78
against 0.70) and the trend overtakes it from two years out, reaching 0.61 against 0.49 at six
years ahead, and at that horizon the trend is ahead on 21 of the 29 indicators. Averaged
over the battery the adaptation-free probe on the frozen embedding never exceeds 0.38 in
either direction, so what carries the temporal skill is the adapted read-out and not the raw
embedding. Rolling the state forward through frozen dynamics is worse than predicting the
target year directly (0.605 against 0.625 pooled, better on 10 of 29 indicators); adapting the
dynamics along with the read-out recovers a small gain (0.639, better on 18 of 29); fitting
the two jointly and decoding directly lands between them (0.628, better on 13 of 29). We
therefore report the operator as a component the architecture supports rather than as a
source of the temporal result. Fertiliser use per cropland turns sharply negative two and
three years into the forecast, tourist arrivals does the same at three and four years, and at
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Figure 62: The full benchmark cube. (a) Target × method skill at 8,192 labelled
points, R2 above the rule and accuracy below it, with the two TerraNova read-outs outlined.
(b) Mean rank across targets against label budget. (c) TerraNova’s task-adapted read-out
against the best baseline for each target, with the identity of that baseline and the margin in
the right-hand gutter. Dots are means over three seeds and whiskers are 95% intervals; the
three species-richness targets are leakage-gated and excluded throughout.
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Figure 63: Land against ocean. Regression targets only, R2 being the one metric both
domains share. (a) Per-method land mean against ocean mean. (b) The signed gap
∆ = ocean− land with its seed interval. (c) That gap against label budget. The random-
Fourier read-out is a positional null with no learned land prior, which is why it shows no
deficit at all; TerraNova’s task-adapted read-out is the only learned read-out whose deficit is
also indistinguishable from zero.

six years ahead the fitted trend is well in front of the model on both. Those are indicators
that move sharply and idiosyncratically within countries over the period, which is the regime
in which a model that infers the level from geography and covariates has least to work with.

C.3 Dense fields from sparse measurements

The main text pools the gridded targets into one degradation curve, which answers how
adaptation compares with interpolation on average but not on which field and at which
measurement density. Figure 67 separates the two. Where measurements are dense the two
approaches are indistinguishable, with every margin inside ±0.03 and classical interpolation
ahead on the two smoothest ocean fields; as the lattice thins the margins open in the order
of how much structure a field carries, reaching +0.26 on tree cover, +0.16 on leaf area index
and +0.14 on fAPAR at one measured cell in 4,096. One leakage-free target ends up on
the other side, sea-surface salinity at −0.08, a nearly featureless field of which a 1-in-4,096
lattice leaves too little to anchor an adaptation. The per-target margins here are Pearson
correlations over every valid native cell, the measured ones included, rather than the held-out
R2 of Fig. 14b: interpolation reproduces a measured cell exactly, so this scoring is generous
to it and most generous at the dense end, and the pooled held-out numbers of §6.3 of the
main text are the ones to read as skill.
Figures 68 to 75 are the reconstructions themselves, one page per variable and one row
per density, so that the numbers above can be checked against what the fields look like.
Held-out R2 over the ladder from one cell in sixteen to one in 4,096 falls from 1.00 to 0.95
for photovoltaic potential, 0.96 to 0.91 for fAPAR, 0.95 to 0.84 for leaf area index, 0.96 to
0.83 for terrestrial GPP, 0.98 to 0.79 for ocean net primary productivity, 0.91 to 0.71 for tree
cover, 0.99 to 0.60 for surface PM2.5 and 0.99 to 0.28 for sea-surface salinity. The error maps
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Figure 64: Categorical reconstruction. The 847 terrestrial ecoregions reconstructed from
coordinates: ground truth, the training and evaluation samples, and the argmax class map of
six read-outs with its held-out accuracy, namely TerraNova’s task-adapted and frozen-probe
read-outs, RANGE, RANGE+, GT-Loc and the random-Fourier positional null. Colours
are arbitrary class identities, so the figure is read by comparing boundaries against the
ground-truth panel. This is a separate sweep from the benchmark cube of Fig. 62, with its
own sampling, so the accuracies here differ from that figure’s ecoregion row.
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Figure 65: Temporal skill, per indicator and per horizon. (a) Anomaly correlation
of the adapted read-out for each of the 29 indicators at each signed horizon, backcast and
forecast side by side. (b) The pooled decay curves for TerraNova, a fitted linear trend and a
frozen-embedding probe in both directions, with a 95% band over indicators and seeds; the
dotted rule marks where the trend overtakes the model on the forecast side. (c) Per-indicator
comparison with the trend at six years ahead.
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Figure 66: The transport operator against direct prediction. Three transported
read-outs, frozen dynamics, adapted dynamics and a joint fit decoded directly, set against
plain direct prediction over every indicator of the battery rather than a single task. (a) Mean
anomaly correlation per indicator, pooled over horizons of one to six years in both directions.
(b) The gain over direct prediction against lead time, forecast solid and backcast dashed;
above zero the operator helps. (c) Each read-out against direct prediction indicator by
indicator, with the number of indicators it helps listed beside the 1:1 line.
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are where the degradation is legible: the reconstructions lose fine texture first and coherent
large-scale structure last, and the fields that survive the sparsest lattice are the ones whose
structure the representation already carries.

Figure 67: Sparse reconstruction, per target and per density. (a) Best classical
interpolation against best adaptation of the frozen backbone at each measurement density,
whiskers spanning three seeds, targets ordered by the margin at the sparsest lattice. (b) The
margin as a target × density map, on a signed square-root scale symmetric about zero; open
circles mark cells whose sign is not shared by all three seeds. Correlation is scored over all
valid native cells, the measured ones included, which favours interpolation; the held-out R2 of
Fig. 14b is the skill measure quoted in the main text. Daggers mark the three species-richness
targets, whose labels overlap the training corpus; they are shown because reconstructing a
field from its own sparse lattice is not the transfer setting the gate concerns, and they are
not counted as held-out skill.
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Figure 68: Leaf area index reconstructed from a thinning lattice. One row per
measurement density, from one cell in sixteen at the top to one in 4,096 at the bottom: the
measured cells, the ground truth, the reconstruction with its held-out R2 and PSNR, and
the error. One value scale is shared by the measured, truth and reconstruction columns of
the whole figure; the error maps use their own diverging scale centred on zero.
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Figure 69: Fraction of absorbed photosynthetically active radiation. Rows and
columns as in Fig. 68.
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Figure 70: Terrestrial gross primary productivity. Rows and columns as in Fig. 68.
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Figure 71: Tree cover fraction. Rows and columns as in Fig. 68. This is the target on
which adaptation gains most over interpolation at the sparsest lattice.
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Figure 72: Ocean net primary productivity. Rows and columns as in Fig. 68. A marine
target, on which the land-image encoders of §C.1 have no training signal at all.
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Figure 73: Sea-surface salinity. Rows and columns as in Fig. 68. The weakest target of
the eight, and the one on which interpolation is ahead at the sparsest lattice.
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Figure 74: Surface PM2.5. Rows and columns as in Fig. 68.
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Figure 75: Photovoltaic potential. Rows and columns as in Fig. 68.
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C.4 National cross-sections from a few reporting countries

The protocol is as follows. For each leakage-clean country indicator we keep its best-covered
year, hold out 30% of countries, reveal K of the rest, fit a fresh task row with rank-4 MiSS
residuals on the country route, and predict the held-out national level. The reference is
a geostatistical ladder over country centroids, comprising Gaussian-process kriging with a
Matérn-3/2 kernel (Rasmussen and Williams, 2006; Cressie, 1993), k-nearest neighbours,
inverse-distance weighting (Shepard, 1968) and the global mean, together with a frozen-
embedding probe, all on the same split and all recalibrated the same way. 31 indicators,
three seeds. Inverse-distance weighting is the strongest of the four references, ahead of the
fitted Gaussian process at every budget and the best baseline on 15 of the 31 indicators
at K = 32, because a handful of points spread over the globe is too little to fit a length
scale and a Gaussian process reverts to its training mean away from its observations, which
at intercontinental distances is nearly everywhere. Regression kriging, the textbook way
of combining a trend model with a spatial one, is not testable here: the MiSS fit nearly
interpolates the revealed countries, so the residual field left for kriging is numerically zero,
and the equal-weight blend reported in the main text is the honest alternative. Calibration
behaves as it does elsewhere, with mean coverage at the 90% level of 0.99 for the raw head,
0.92 after σ-scaling and 0.87 after country-split conformal recalibration (Vovk et al., 2005;
Lei et al., 2018). Figures 76 and 77 put the dissociation of the main text on the page, for the
single seed those maps draw. Tourist arrivals are not predictable from a country’s neighbours,
and on that seed the reconstruction climbs from 0.04 at four reporting countries to 0.92 at
128, against a three-seed mean of 0.13 to 0.79, as the model is given more of the cross-section
to condition on. Adult obesity varies smoothly with geography, and there the reconstruction
reaches only 0.51 on that seed at the largest reporting budget, and reaches it unsteadily,
while inverse-distance weighting over the same centroids reaches 0.82 as a three-seed mean.

C.5 Country-to-gridded downscaling

Downscaling adapts a read-out from the location embedding to a nationally reported target
and is scored within countries, so that reproducing the national mean earns nothing and a flat
national field scores exactly zero. Figure 78 records every target against its own label-shuffle
null. Terrestrial GPP recovers a within-country correlation of 0.66 ± 0.10 over five seeds
against a null of 0.04, tree cover 0.51± 0.15 against a null below zero, fAPAR 0.61± 0.08
against 0.10 and leaf area index 0.55 ± 0.13 against 0.07; surface PM2.5 recovers little at
0.18 ± 0.14, and photovoltaic potential is negative at −0.06 ± 0.08 with its null above it.
What separates them is not the model but the data: skill tracks the share of a target’s
spatial variance that sits within countries rather than between them (r = 0.79 across the
nine targets), and photovoltaic potential has 84% of its variance between countries, which
leaves nothing for a within-country score to find.
The maps behind those numbers are worth seeing side by side (Figs. 79 and 80). For GPP
the recovered field and the flat national-mean null are visibly different objects, and the
recovery holds in 91% of the 151 countries scored. For photovoltaic potential the truth
is a smooth latitudinal band that national means already capture, and the decoded field
paints sub-national texture where the data has none. The three species-richness targets in
Figure 78 are marked because their labels overlap the training corpus; they are reported
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Figure 76: Tourist arrivals, against the reporting budget. Each row is one value of
K: truth, the revealed countries, the predicted level and the predictive width. This is an
indicator a neighbour-based interpolator cannot reach, and it is where the representation
gains most.
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Figure 77: Adult obesity, against the reporting budget. Columns as in Fig. 76, with
a sixth row at K = 137, the largest reporting budget this indicator supports. A spatially
smooth indicator, on which interpolation over country centroids is well ahead of the learned
read-out, and on which the learned read-out is also unsteady: held-out level correlation runs
0.35, 0.27, 0.38, 0.06, 0.45 and 0.51 across the six budgets.
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for completeness and are excluded from every held-out skill claim in §6 of the main text,
appearing elsewhere only inside the matched knockout contrast of §5.2, where both arms
carry the same overlap and it therefore cancels. As in the main text we report this as the
spatial disaggregation the coupled representation makes possible and not as a validated
product, and the operation is not always meaningful: a governance or institutional indicator
has no sub-national field for a within-country score to recover, so a plausible-looking decoded
surface for one should not be read as an estimate.

Figure 78: Downscaling, per target. (a) Every target against its own label-shuffle null,
five-seed mean with the seed range, ordered by the margin over that null; the zero rule is
the flat national mean. (b) Per-country within-country correlation for the strongest target.
(c) Skill against the share of the target’s variance that sits within countries, a property of
the data rather than of the model. Daggers mark targets whose labels overlap the training
corpus.

C.6 Anatomy of the representation

Figure 81 draws how much each cell looks like the country it sits in, read two ways. Pushed
through the same held-out bridge and compared with its own country’s embedding, a cell
reaches a median cosine of 0.163 over the land surface; compared instead with the mean of its
own territory, with no bridge in between, the median is 0.304. Both readings order countries
the same way, and the order is one of size and internal variety rather than of skill: Antarctica
at 0.026, the United States at 0.069 and Russia at 0.077 are least like their own country,
while Korea at 0.602 and a group of compact African and Baltic states sit above 0.53. The
spread within a country is the more informative half, because a small territory scores a high
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Figure 79: Terrestrial GPP downscaled from national values. From left to right: the
national means, which are both the input and the flat null; the downscaled field; the gridded
truth; the error; and a shuffle control fitted on permuted national labels, which recovers
nothing. Insets zoom on the eastern Mediterranean.

Figure 80: Photovoltaic potential, the ill-posed case. Panels as in Fig. 79. The truth is
a smooth latitudinal band which national means already carry, so there is no sub-national
structure left to recover and the decoded field invents texture.
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median almost by construction. The widest interquartile ranges belong to Iraq at 0.406,
Chad at 0.364, Morocco at 0.342 and Mali at 0.322, every one of them a country straddling a
desert-to-sahel or coast-to-interior transition, so the heterogeneity the representation reports
inside a border tracks a real environmental gradient rather than noise.

Figure 81: How much each 0.25◦ cell looks like its own country. (a) Cross-geometry:
each cell’s location embedding pushed through the held-out ridge bridge and compared with
its own country’s country-encoder embedding. This is the continuous field that cross-geometry
retrieval thresholds. (b) Within the location space: the same cells compared with the mean
embedding of their own territory, with no bridge in between, which measures how typical a
cell is of its country rather than how identifiable it makes it. Both panels are cosines and
both colour scales are clipped to the second and ninety-eighth percentiles. (c) Per country,
the median of (a) against its interquartile spread, over the 111 countries with at least 150
land cells, with marker area scaled by land area. A compact country earns a high median
almost by construction, so the spread is the more informative axis: the countries at the top
of it are those that straddle a sharp environmental transition.
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Intrinsic dimension measures how many directions a representation actually uses, and it can
be read globally over a set of points or locally around each one. Figure 82 does both. The
local map is geographical: dimension concentrates over structurally complex land, along the
Andes, the Himalaya and the continental margins, and collapses over the open ocean, at a
mean of 6.8 on land against 3.3 at sea. Globally, whole-set dimension tracks downstream
static-spatial skill across the benchmark encoders at Spearman ρ ≈ 0.75. Absolute estimates
are estimator-dependent, so we quote FisherS throughout, we do not rank encoders on
absolute dimension, and we do not read the association as evidence that this embedding is
the more separable one: probed linearly it ranks seventh of the nine read-outs of §C.1. The
two embedding spaces use their ambient width very differently: the location space spends
6.5 to 9.9 of its 256 dimensions and the country space 17 to 19 of its 64, by far the denser
of the two and consistent with 247 countries being too few points to lie on a thin manifold;
separately, the 128-unit penultimate layer of a per-task probe head uses only 2.7 to 5.6.
Both learned spaces support the vector operations the main text describes, and Figures 83
and 84 give more of them than the main figure has room for. Nearest neighbours in the
location space are organised by what a place is like rather than by where it is: Nairobi
retrieves Addis Ababa, Bogotá and São Paulo, Perth retrieves Cape Town, Melbourne and
Santiago, and Tokyo retrieves Osaka, Los Angeles and Seattle. Read across spaces, the
decoded indicator panel reproduces relationships nobody supplied as a target, among them
the Preston curve between income and life expectancy at ρ = 0.74, income against child
mortality at −0.81, life expectancy against fertility at −0.78 and income against sanitation
access at 0.73. The task embeddings of each pair are only weakly aligned, at cosine 0.13 to
0.44, so the relationship is carried by the country representation rather than by two task
rows that happen to sit near one another.
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Figure 82: Intrinsic dimension of the learned spaces. (a) Local intrinsic dimension per
location, high over structurally complex land and low over the open ocean. (b) Whole-set
dimension against static-spatial skill for the benchmark location encoders. (c) Dimension as
a share of the ambient width, for the location and country embedding spaces and for the
penultimate layer of the per-task probe heads, with several estimators.
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Figure 83: Nearest cities in the location space. For each anchor, the three nearest
cities by cosine similarity of their spatiotemporal representation, with the similarity listed.
Neighbours are organised by what a place is like rather than by how close it is.
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Figure 84: Relationships recovered from the decoded country representation. Each
panel decodes two indicators for every country from the same embedding and plots one
against the other, with the Spearman correlation and the cosine similarity of the two task
embeddings. None of these relationships was supplied as a training target.
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Appendix D. Computational Cost

D.1 Measurement protocol

Everything in §D.2 to §D.5 was measured on one machine and one checkpoint. The
device is a laptop with an NVIDIA GeForce RTX 5070 Laptop GPU, an 8 GB card
that the driver reports as 7,682.8 MiB of usable memory, next to a 32-core CPU on
which torch was given 24 threads; the software is Python 3.14.2, torch 2.11.0+cu130
and CUDA 13.0, and the model is the production checkpoint ckpt/last-ema.ckpt built
from terranova_v2/configs/yaml/training/evidential_full_512.yaml. The repository, the
checkpoint and the label caches were all on a local NVMe working copy, so no network filesys-
tem and no cold cache enters any timing. Adaptation uses rank-4 MiSS unless a row names
another operator, and every adaptation cell was run for three seeds on the GPU and one seed
on the CPU. Setup, fit and evaluation are timed separately in the record (setup_seconds,
fit_seconds, eval_seconds), and the tables report fit time as the cost of adapting, with
evaluation time given separately where it dominates. The CPU cells tabulated in §D.3
are therefore that single seed-0 run, whereas Table 1 of the main text reports three-seed
medians on both devices, so the CPU numbers here and there are not expected to agree:
the country-route fit at K = 300 is 604.6 s at seed 0 below against a three-seed median of
538.1 s in the main text.
Energy is integrated from nvidia-smi power.draw sampled at 100 ms across each measured
cell. The raw integral is joules; the tables report joules_net, which subtracts the idle
baseline of 21.65 W probed on the same device immediately before the run. The reading is
whole-device, so any other process resident on the GPU is included in it, and this card reports
no power limit, so no utilisation-against-TDP figure is derived anywhere in this section. Cells
shorter than about a second collect only two or three samples, and the closed-form probe on
the country route collects one, so their energy is indicative rather than a measurement; the
sample count is written to every row as power_samples, so any cell can be checked against
its own sampling density. The sampling window brackets the whole cell rather than the fit
alone, which is why the energy columns cover setup, fit and evaluation together while the
time columns separate them.

D.2 The adaptation ladder on a consumer GPU

The ladder was measured on one representative task per geometry, the national indicator
SDG1 poverty headcount (nowcast) on the country route and species richness (vertebrates)
on the gridded route, at label budgets K ∈ {30, 100, 300, 1000, 3000} for each of the six
operators of §A.23.2 and three seeds. Every gradient operator takes the same 800 optimiser
steps, recorded as steps_taken, and the linear probe is closed form and takes none, so within
a geometry fit time is set by the batch, which is the whole label set up to a cap of 1,024.
That cap and the size of the country task are why the two largest budgets cost the same: the
country indicator supplies only 1,113 to 1,214 labelled points depending on the seed’s split,
so its K = 3,000 row is the same fit as K = 1,000 on a batch of 1,024 rather than a larger
one, and on the gridded route the K = 3,000 fit runs 1,024-point minibatches rather than
one 3,000-point batch. The skill column is the record’s skill field, which on the gridded
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route equals the recorded Pearson correlation in every row and on the country route is the
anomaly correlation; corr and r2 are stored alongside it for every cell.

Table 26: Adaptation ladder on the country route, RTX 5070 Laptop GPU. Task:
SDG1 poverty headcount (nowcast). Fit time is the median over three seeds with the seed
range beside it; skill is the three-seed mean and standard deviation of the recorded anomaly
correlation; net kJ is the median over seeds of joules_net and covers setup, fit and evaluation
together. At K = 3,000 the task supplies only 1,113–1,214 labels, so that row is not a larger
fit than K = 1,000.

operator trainable K fit (s) fit, seed range (s) skill (mean ± s.d.) net kJ

linear probe 256

30 0.012 0.002–0.047 −0.026± 0.093 0.003
100 0.002 0.002–0.199 0.318± 0.080 0.003
300 0.002 0.002–0.005 0.456± 0.145 0.002

1,000 0.004 0.003–0.014 0.498± 0.136 0.003
3,000 0.006 0.004–0.094 0.498± 0.133 0.002

task embedding 256

30 11.6 11.5–12.3 0.073± 0.032 0.544
100 20.5 20.1–21.9 0.081± 0.035 0.869
300 46.2 45.4–49.5 0.148± 0.142 1.858

1,000 134.9 133.0–146.8 0.190± 0.209 5.466
3,000 135.6 133.3–142.5 0.247± 0.164 5.519

VeRA (r=4) 101,324

30 14.6 14.4–15.4 −0.006± 0.172 0.676
100 22.2 21.0–24.5 0.116± 0.064 0.927
300 49.6 46.9–54.4 0.456± 0.295 1.894

1,000 147.0 139.6–154.5 0.612± 0.255 6.036
3,000 148.2 140.1–167.1 0.363± 0.176 5.877

MiSS (r=4) 416,000

30 14.0 13.9–14.4 0.214± 0.231 0.629
100 22.7 21.7–23.6 0.568± 0.115 0.923
300 49.5 41.7–51.9 0.602± 0.149 1.968

1,000 144.9 138.9–160.6 0.713± 0.157 5.754
3,000 145.8 139.2–155.9 0.694± 0.165 5.909

LoRA (r=4) 803,072

30 14.1 14.0–14.4 0.261± 0.203 0.623
100 22.2 21.9–23.3 0.512± 0.173 0.935
300 49.2 47.8–51.5 0.624± 0.172 1.998

1,000 144.4 140.4–156.0 0.655± 0.165 5.886
3,000 145.2 140.4–152.8 0.718± 0.134 5.931

finetune-last 25,717,508

30 16.2 15.8–17.5 0.234± 0.250 0.774
100 25.1 24.0–28.1 0.585± 0.090 1.045
300 52.0 49.4–55.9 0.658± 0.144 2.083

1,000 144.9 136.8–163.1 0.557± 0.142 5.664
3,000 145.1 137.0–159.6 0.629± 0.187 5.784

Two things are visible in the two tables. First, fit cost is governed by the label budget and
not by the operator: at K = 300 on the country route the five gradient operators span 46.2
to 52.0 s, a factor of 1.1, and at K = 3,000 on the gridded route they span 148.3 to 174.3 s,
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Table 27: Adaptation ladder on the gridded route, RTX 5070 Laptop GPU. Task:
species richness (vertebrates). Columns as in Table 26; skill here is the recorded Pearson
correlation. Evaluation on this route costs 23 to 27 s per cell against 0.17 to 0.19 s on the
country route, which is why the energy column does not fall as steeply as the fit column at
the smallest budgets.

operator trainable K fit (s) fit, seed range (s) skill (mean ± s.d.) net kJ

linear probe 256

30 0.305 0.281–0.314 0.250± 0.027 0.531
100 0.316 0.305–0.336 0.433± 0.087 0.528
300 0.308 0.292–0.354 0.677± 0.032 0.479

1,000 0.317 0.298–0.350 0.705± 0.022 0.457
3,000 0.358 0.318–0.369 0.719± 0.022 0.448

task embedding 256

30 14.2 13.6–14.2 0.529± 0.091 1.678
100 22.7 20.8–22.7 0.707± 0.063 2.022
300 50.2 47.1–51.0 0.825± 0.024 3.123

1,000 147.3 140.6–149.7 0.824± 0.016 7.240
3,000 148.3 143.3–151.1 0.847± 0.010 7.278

VeRA (r=4) 101,324

30 17.9 16.9–17.9 0.525± 0.131 1.794
100 25.4 24.0–25.8 0.793± 0.040 2.105
300 55.6 52.7–56.5 0.895± 0.057 3.222

1,000 163.8 156.6–167.4 0.922± 0.034 7.613
3,000 174.3 156.9–176.4 0.959± 0.004 7.525

MiSS (r=4) 416,000

30 16.9 16.5–17.0 0.726± 0.128 1.804
100 24.7 24.0–25.5 0.897± 0.052 2.085
300 53.3 52.3–55.2 0.952± 0.004 3.298

1,000 161.9 154.2–162.3 0.959± 0.006 7.565
3,000 163.6 154.8–165.3 0.965± 0.006 7.577

LoRA (r=4) 803,072

30 16.4 16.2–17.1 0.725± 0.138 1.813
100 24.4 23.6–25.3 0.947± 0.006 2.116
300 53.4 51.9–55.3 0.940± 0.020 3.304

1,000 157.3 154.9–162.0 0.961± 0.003 7.716
3,000 158.2 156.7–163.5 0.961± 0.002 7.753

finetune-last 25,717,508

30 20.2 18.8–21.4 0.888± 0.019 1.843
100 28.2 27.0–29.6 0.938± 0.024 2.157
300 56.6 54.9–59.8 0.957± 0.002 3.281

1,000 158.1 153.1–165.9 0.959± 0.003 7.433
3,000 157.3 154.2–169.3 0.964± 0.005 7.371
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a factor of 1.2, across a trainable-parameter range of 256 to 25,717,508, because the work is
the forward and backward pass through the frozen backbone rather than the optimiser state.
The linear probe is the exception and is two to four orders of magnitude cheaper, with a
median fit of 0.002 to 0.012 s on the country route and 0.305 to 0.358 s on the gridded route,
since it is solved in closed form on cached embeddings. Second, the whole ladder is small
in absolute terms: the longest cell measured, VeRA at K = 3,000 on the gridded route, is
174.3 s and 7.5 kJ of net GPU energy, no cell in either table exceeds 7.8 kJ, and rank-4 MiSS
at K = 300 reaches 0.952± 0.004 on the gridded route for 53.3 s and 3.3 kJ. Seed spread on
the country route is wide at every budget, for instance 0.602± 0.149 for MiSS at K = 300,
so the ordering of operators there is not resolved by three seeds; on the gridded route the
spread narrows to a few thousandths at the largest budgets, where VeRA, MiSS, LoRA and
finetune-last converge between 0.959 and 0.965 while the task-embedding baseline stops at
0.847 and the linear probe at 0.719.

D.3 The same fit without a GPU

Table 28 repeats the rank-4 MiSS fit at seed 0 on the CPU of the same laptop, against the
matching GPU cell. Against the seed-0 GPU cell the CPU is 6.3 to 14.5 times slower on
the fit, and against the three-seed GPU medians the main text quotes it is 6.2 to 11.2 times
slower, which puts the largest country fit at 26.8 minutes and the largest gridded fit at 24.4
minutes against 2.3 and 2.6 minutes on the GPU. Evaluation moves the same way but not
by the same factor: at K = 30 on the gridded route it is 24.3 s on the GPU against 265.1 s
on the CPU.

Table 28: The same MiSS fit on the CPU of the same machine. Rank-4 MiSS, seed
0, one run per cell, against the seed-0 GPU cell of Tables 26 and 27. The ratio is CPU fit
time over GPU fit time. CPU rows carry no energy and no peak-memory figure: the power
sampler is GPU-only and is recorded as disabled on them, and torch_peak_mib is not written
for a CPU run.

fit (s) evaluation (s)

route K CPU GPU ratio CPU GPU

country

30 116.2 14.0 8.3 1.5 0.168
100 214.8 21.7 9.9 1.5 0.170
300 604.6 41.7 14.5 1.6 0.178

1,000 1,357.9 138.9 9.8 2.0 0.173
3,000 1,607.9 139.2 11.5 1.5 0.168

gridded

30 104.4 16.5 6.3 265.1 24.3
100 237.8 24.0 9.9 258.5 24.2
300 595.9 52.3 11.4 261.4 24.0

1,000 1,428.8 154.2 9.3 240.6 24.0
3,000 1,465.0 154.8 9.5 235.5 23.9
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D.4 Inference throughput

Table 29 times a forward pass through the full model on both routes and both devices, five
timed repeats after three warm-ups, reporting the median. The coordinate route is fed
uniform random (lon, lat) and the country route the 247 registered countries sampled with
replacement, both at year 2015. Throughput saturates by a batch of 512 on the GPU, at
9,770 samples/s on the coordinate route and 10,708 on the country route, and by a batch of
4,096 on the CPU at 778 and 868 samples/s; at batch 1 the model is latency-bound, 9.6 ms
per coordinate call and 6.6 ms per country call on the GPU. Peak torch memory at the largest
batch is 3,151.0 MiB on the coordinate route and 3,154.8 MiB on the country route, roughly
3.1 GiB of the card’s 7,682.8 MiB, and the record marks batch 16,384 largest_fitting
on every route and device with no cell reporting an out-of-memory status, so no memory
ceiling was reached in this sweep. The whole-device nvidia-smi peak at that batch, 6,577
and 6,581 MiB, includes everything else resident on the display GPU and is not the model’s
footprint.

Table 29: Forward-pass throughput and memory. Median of five timed repeats
after three warm-up passes, both routes, both devices, at year 2015. Peak memory is
torch.cuda.max_memory_allocated for the cell; it is not recorded on CPU rows (n.r.). Every
cell returned status ok, and the record marks batch 16,384 largest_fitting on all four
route/device combinations.

coordinate route country route

batch samples/s µs/sample peak MiB samples/s µs/sample peak MiB

RTX 5070 Laptop GPU
1 104.4 9,575.4 1,516.8 152.4 6,563.1 1,516.8
8 855.7 1,168.6 1,517.5 1,198.5 834.4 1,517.5

64 5,033.7 198.7 1,523.1 6,152.7 162.5 1,523.1
512 9,770.4 102.3 1,469.7 10,708.0 93.4 1,469.8

4,096 9,999.8 100.0 1,925.3 10,228.9 97.8 1,926.3
16,384 9,092.1 110.0 3,151.0 10,151.7 98.5 3,154.8

CPU, 24 threads
1 22.9 43,665.5 n.r. 21.8 45,983.2 n.r.
8 149.7 6,680.8 n.r. 139.2 7,181.1 n.r.

64 484.3 2,064.8 n.r. 395.5 2,528.7 n.r.
512 732.4 1,365.4 n.r. 625.4 1,599.1 n.r.

4,096 777.6 1,286.0 n.r. 868.3 1,151.7 n.r.
16,384 764.6 1,307.9 n.r. 874.6 1,143.4 n.r.

D.5 FLOPs and parameters per component

Table 30 breaks the forward pass down by component. The components account for the model
exactly: their parameters sum to 366,304,274, the model total, with params_unaccounted
= 0, and their FLOPs sum exactly to the recorded route totals of 729,823,838,208 on the
coordinate route and 640,189,464,576 on the country route at a batch of 1,024, that is 712.72
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and 625.19 MFLOP per sample. The two fusion stacks do almost all of the arithmetic, 85.2%
of the coordinate route and 97.2% of the country route, and the difference between the
routes is the location encoder, 91.96 MFLOP per sample and 12.9% of the coordinate route,
which is idle on the country route where the country encoder and the geometry routing
together cost 4.42 MFLOP per sample instead. The task encoder registers no matmul-class
work although it holds 1,048,576 parameters, being an embedding lookup, and neither the
temporal transport operator nor the alignment heads are on the inference path. The decoder
line is the hypernetwork decoder as a whole; within its 9.10 MFLOP per sample the record
attributes 8.39 to the first-layer weight generator, 0.52 to the hypernetwork trunk and 0.03 to
the bias generator, identically on both routes, and this nested breakdown is not an additional
component.

Table 30: Parameters and forward FLOPs per component. Measured with
torch.utils.flop_counter.FlopCounterMode at a batch of 1,024 and year 2015, counting
matmul, convolution and scaled-dot-product-attention class operations at two FLOPs per
multiply–accumulate; elementwise, activation and normalisation work is not counted. Shares
are stored rounded to five decimals and therefore sum to 99.999 rather than 100.

coordinate route country route

component parameters MFLOP/sample share (%) MFLOP/sample share (%)

location encoder 50,202,506 91.96 12.90 0.00 0.00
country encoder 2,170,176 0.00 0.00 4.26 0.68
time encoder 2,129,185 4.24 0.60 4.24 0.68
task encoder 1,048,576 0.00 0.00 0.00 0.00
geometry routing 83,456 0.00 0.00 0.16 0.03
temporal fusion 101,394,945 202.60 28.43 202.60 32.41
task·ST fusion 202,590,752 404.82 56.80 404.82 64.75
decoder (hypernetwork) 4,549,572 9.10 1.28 9.10 1.46
temporal transport 2,135,106 0.00 0.00 0.00 0.00
alignment heads 0 0.00 0.00 0.00 0.00

total 366,304,274 712.72 99.999 625.19 99.999
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