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Abstract. Recent research in geospatial machine learning demonstrates
that models pretrained with self-supervised learning on Earth observa-
tion data can perform well on downstream tasks with limited labeled
data. However, most benchmark datasets have few data modalities and
poor global representation, limiting the ability to evaluate multimodal
pretrained models at global scales. In order to fill this gap, we introduce
MMEarth-Bench, a collection of five new environmental tasks with 12
modalities, globally distributed data, and both random and geographic
test splits. We benchmark a diverse set of pretrained models and find
that while (multimodal) pretraining tends to improve model robustness
in limited data settings, geographic generalization abilities remain poor.
Moreover, a simple randomly initialized multimodal model is competi-
tive given enough labeled data. Although data is abundant, models can
currently only make use of the modalities on which they were pretrained.
To solve this problem, we propose using all the modalities available at
test time as auxiliary tasks for test-time adaptation. Our model-agnostic
method for test-time training with multimodal reconstruction (TTT-
MMR) can improve performance across all models and tasks on both
test splits. Furthermore, geographic batching leads to a good trade-off be-
tween regularization and specialization during TTT, which is especially
beneficial for long-tail distributions. Our dataset, code, and visualization
tool are linked on the project page: lgordon99.github.io/mmearth-bench.

Keywords: Earth observation · Multimodality · Test-time adaptation

1 Introduction

Earth observation (EO) data helps us monitor our planet’s health, respond to
natural disasters, and tackle societal challenges such as the Sustainable Devel-
opment Goals (SDGs) [38]. A multitude of sensors provide unprecedented data
about the planet but also far exceed what most data processing pipelines can
handle. To realize the full potential of EO data, raw observations, such as op-
tical satellite images, must be interpreted at both local and global scales. Deep
learning seems like a natural approach to analyzing copious unlabeled data, and
supervised learning has shown great success in the case of abundant reference
data [63], but we identify three grand challenges yet to be overcome (see Fig. 1).
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Fig. 1: Self-supervised multimodal pretraining promises to overcome three
grand challenges in Earth observation. Crucial applications have to rely on lim-
ited and sparse and geographically biased training data. Furthermore, the ambiguities
inherent to modeling biophysical quantities with remotely sensed data may be resolved
by models conditioned on multiple modalities.

The first long-standing challenge has been the sparsity and limited amount of
labeled data, as is often the case in crucial applications where reference data is
collected through field measurements [63]. The second challenge is geographic
generalization, i.e. the domain shift that occurs when using a model trained
on one geographic region to make predictions on another [31]. Lastly, the third
main challenge is to minimize the ambiguities inherent to estimating biophysical
quantities from observational, especially unimodal, EO data [40]. The research
community working at the intersection of machine learning and EO has identified
self-supervised learning (SSL) as a promising way forward [1,23,35,51]. Pretrain-
ing models with global unlabeled data promises to facilitate model adaptation
to tasks with limited labels and ameliorate performance drops in geographic re-
gions without reference data. Because EO data is georeferenced, the multitude
of sensors and satellites means that there are myriad data modalities that can be
automatically aligned [35]. This is an opportunity for multimodal data fusion to
resolve ambiguities in model predictions [39,42,45,50]. Hence, EO is relevant to
the computer vision community for advancing multimodal representation learn-
ing [33]. While existing EO benchmarks [7,16,25,31,53] have helped to develop
and evaluate pretrained geospatial models, they limit the evaluation of progress
towards overcoming these three grand challenges, as most of their downstream
tasks are i) regional rather than global, ii) not evaluated on geographic splits
with an entire held-out region, and iii) only provide few modalities per task.

In this work we introduce MMEarth-Bench, a multimodal EO benchmark
dataset containing five global tasks designed to evaluate pretrained geospatial
models in these three challenging yet crucial settings. As in prior work, we use
the term “modality” to describe sensor measurements, metadata, and derived
products [35]. We evaluate 8 pretrained models on our benchmark and find that
multimodal pretraining does improve performance in low-shot settings and under
geographic shifts. However, we show that given enough labeled data, training a
multimodal model from scratch is a strong baseline. As is the case with our
evaluation and more generally, there is a mismatch between the input modalities
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on which a model was pretrained and the task modalities available at inference
time [31]. The standard practice is simply to use only the task modalities that
the pretrained model can take as input. To address this inefficiency, we introduce
a method for using all available modalities at test time, whether or not they are
compatible with the pretrained model. Complementary to using multimodal data
for self-supervised pretraining, we propose using the modalities as reconstruction
tasks in the regime of test-time adaptation, which uses unlabeled test data to
adapt the model at test time. We formulate our proposed method for Test-
Time Training with MultiModal Reconstruction (TTT-MMR), along with a
second variant using geographic batching (TTT-MMR-Geo), which leads to
a good trade-off between specialization and regularization, a crucial aspect in
TTT [19,32]. We summarize our major contributions:

1. MMEarth-Bench dataset: We introduce five multimodal environmental
monitoring tasks for benchmarking pretrained models. Each task consists
of 12 aligned modalities and provides globally distributed data with both
random and geographic test splits.

2. Benchmarking: We benchmark 8 recent pretrained models covering a range
of architectures and including both uni- and multimodal models. We find
that all models still struggle to generalize geographically and that training
a multimodal model from scratch is competitive with global pretraining.

3. Method: To advance model adaptation when labels are limited and geo-
graphically biased, we propose repurposing multimodal pretext tasks for test-
time adaptation, using modality reconstruction losses as a test-time adapta-
tion signal. Our model-agnostic approach yields performance improvements
across all models and tasks on both test splits.

2 Related Work

2.1 Low-shot learning

Pretrained models. One strategy to facilitate low-shot learning is self-su-
pervised pretraining. In contrast to vision foundation models trained on web
data [12,46], EO models are pretrained on large amounts of unlabeled remotely
sensed data. Hong et al . [21] provide an overview of the myriad foundation mod-
els in remote sensing. While some geospatial models are still pretrained on RGB
imagery [2,27,30,41,46], more recent unimodal models include additional spectral
bands [3,10,35]. We benchmark various pretrained models for global adaptation
with limited and geographically biased labels, as found in real applications.

Multimodal fusion. Subsequently, additional work aimed to learn richer
geospatial representations by pretraining on multimodal data [1, 23, 53, 56] or
training multimodal models from scratch [40]. We evaluate the benefits of modal-
ity fusion in pretrained models under geographic shifts. Moreover, whereas multi-
modal models use multiple modalities as input, our method uses them as targets.

Joint training (JT). Joint training trains a model simultaneously on both
the main task and auxiliary tasks in order to improve robustness on the main
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task, especially when training data is limited [20,47,49]. The model has a shared
encoder and separate heads for the main task and self-supervised tasks [47].
This method only uses multimodal data to generate reconstruction losses at
train time. In contrast, our method also leverages the reconstruction losses as an
adaptation signal at test time. We use JT as a baseline in our TTT experiments.

2.2 Domain adaptation

Unsupervised domain adaptation (UDA). Unsupervised domain adapta-
tion uses labeled data from the source domain and unlabeled data from the
target domain to adapt to the target domain [29]. UDA-SS [48] extends JT by
including unlabeled target data during the training process to facilitate the en-
coder’s adaptation to the target domain. Like many common UDA methods,
this is primarily designed for covariate shifts across domains [28, 29]. The ge-
ographic generalization problem differs, as we also encounter label distribution
shifts. Scheibenreif et al . [43] insert adapters into a pretrained encoder and train
them with SSL using target domain modalities before finetuning the model with
target domain labels. In contrast, our problem setup assumes that we neither
have access to labeled nor unlabeled data from the target domain during training.
Our model-agnostic approach also avoids modifying the encoder architecture.

Test-time adaptation (TTA). Unlike traditional UDA which uses tar-
get distribution data during training, test-time adaptation, or equivalently test-
time training (TTT), updates the model during testing to address distribu-
tion shifts [17,49]. Following JT, rather than discarding the self-supervised task
head [48], TTT uses this head at test time to calculate a loss for adapting the
encoder before making a final prediction [17,49]. Past works have used rotation
prediction [49] or masked reconstruction [17] as auxiliary tasks. To avoid having
to define a self-supervised auxiliary task, TENT [52] uses the prediction entropy
as an adaptation signal. This makes it a natural approach for classification tasks
but not for regression, which is common for biophysical variables (4 of our 5
tasks). Unlike TENT, which updates the encoder’s batch norm statistics, our
proposed TTT method works with any architecture and loss. This is especially
relevant as many pretrained EO models use a transformer architecture without
batch norm layers. Sparse or coarse labels have also been used to produce a TTA
signal [60]. In the spirit of using weak labels for TTT, we use the data modalities
available at test time as reconstruction targets. While TTA has been used with
remote sensing imagery to adapt to distribution shifts in street-level RGB im-
agery [54] and guide robots’ search for targets in an environment [32], we adapt
pretrained models to diverse environmental tasks and domains at global scales.

Regularization in TTA. Regularization is crucial for TTA [19, 32], and
simply using batched test data is a regularization method, as it results in less
noisy gradients [36,62]. Test batches can be comprised of multiple augmentations
of a single image [49] or just be random samples of the test data [17]. We propose
geographic batching as a compromise between regularization and specialization.
Updating only the batch norm parameters [52] or FiLM layers [37,60] are com-
monly used regularization approaches. In model-agnostic fashion, our method’s
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adaptation signal uses 12 modality reconstruction losses, as opposed to just one,
for regularization. Each individual modality’s gradient may be noisy, but aver-
aging over them reduces noise. In this way, we avoid needing to insert batch
norm or FiLM layers. The S4T method [24] uses a vision transformer as a task
behavior synchronizer to lessen degradations in model performance due to the
ideal number of TTT iterations differing among multiple auxiliary tasks. We
achieve regularization with a lightweight linear task modality decoder.

Multimodal TTA. Shin et al . [44] study multimodal TTA for 3D semantic
segmentation by producing pseudo-labels for use as a self-training signal at test
time given RGB images and LiDAR point clouds. Like TENT, their method
updates batch norm parameters in the architecture. READ [57] addresses the
scenario where modalities vary in their reliability when subject to domain shifts.
They encode each modality with a transformer and modulate attention-based
fusion layers at test time. Unlike READ, our approach does not require encoding
the auxiliary modalities, instead solely using them as reconstruction targets.

2.3 Existing benchmark datasets

Overview. Past work in benchmark datasets for pretrained EO models has
guided progress in model development and pretraining strategies. We summa-
rize the most related benchmarks in Tab. 1. SustainBench [59] is a collection of
15 tasks designed to track progress in 7 sustainable development goals, includ-
ing no poverty, quality education, and climate action. The modalities vary by
task and can include imagery from Landsat, Sentinel-2 (S2), MODIS, NAIP, as
well as geolocation and time. GEO-Bench [25] contains 12 tasks ranging from
building and solar panel classification to tree segmentation. The modalities vary
by task and can include S2, Sentinel-1 (S1), Landsat-8, RGB, hyperspectral
imagery, or elevation data. None of the tasks are globally distributed. FoMo-
Bench [7] contains 15 datasets for forest monitoring, where each task has up to
4 modalities such as S2, S1, LiDAR, elevation, or meteorological data. PhilEO
Bench [16] contains task data for building density estimation, road segmenta-
tion, and landcover classification. All tasks have S2 as the single input modality.
Copernicus-Bench [53] is a benchmark focusing on cross-modal model evaluation
that includes 15 unimodal tasks including land cover, biomass, and air quality.

Table 1: Comparison of benchmark datasets for EO (vision) models. “M”:
number of modalities per task. “✓/✗”: a property holds for a subset of tasks.

Benchmark Domain M Global Climate

Copernicus-Bench [53] Mixed 1 ✓/✗ ✓/✗

PANGAEA [31] Mixed 1-3 ✓/✗ ✗

PhilEO Bench [16] Built-up 1 ✓ ✗

FoMo-Bench [7] Forests 1-4 ✓/✗ ✓/✗

GEO-Bench [25] Mixed 1-3 ✗ ✗

SustainBench [59] SDGs 1-10 ✓/✗ ✗

MMEarth-Bench (ours) Nature 12 ✓ ✓
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The input modality varies across tasks and can include sensors such as Sentinel-
1, -2, -3, or -5P. PANGAEA [31] is a collection of existing benchmark datasets,
each of which has up to 3 modalities such as S2, S1, Planet, or Maxar.

Limitations. None of the existing benchmark datasets share the same mul-
tiple modalities across all downstream tasks, and the vast majority of tasks
contain no more than 3 modalities. This limits the evaluation of multimodal
pretrained models, since likely not all of their modalities are available at test
time. Furthermore, the vast majority of downstream tasks are limited to a single
geographic region. Even if a benchmark contains tasks covering different regions,
this does not make it possible to determine whether a pretrained model is able to
generalize from one region to another. While PANGAEA explicitly mentions a
geographic test split for one task and SustainBench includes geographic splits for
several tasks, benchmarks rarely explicitly state whether a test split represents
an entire held-out region or simply avoids overlap with the training data. This is
likely due to a combination of geographic generalization not being prioritized and
many benchmarks collecting existing datasets and using their data splits. The
degree to which a geographic test split can be a distribution shift is also limited
by the geographic spread of the data in the first place. Additionally, few down-
stream tasks include climate data as a modality, limiting development in fusion
methods for optical EO and climate data. While there are several downstream
tasks focusing on the natural world, many tasks focus on the human-nature
interface and the built-up world. Moreover, the same tasks appear in multi-
ple benchmarks, most of which include preexisting datasets. We contribute five
novel, global datasets for evaluating pretrained models on biomass, soil property,
and species occurrence prediction. Our tasks focus on the natural world with 12
shared modalities across imagery, map products, and climate variables. These
design choices should facilitate future development of multimodal models.

3 Dataset

Overview. MMEarth-Bench is comprised of five new datasets, summarized
in Tab. 2, for environmental tasks: aboveground biomass, soil nitrogen (N), soil
organic carbon (OC), soil pH, and species occurrence. Each single-timestamp
dataset includes 12 modalities along with task data for each 128×128-pixel tile.
Every pixel represents 10m on the ground, so each tile spans an area of ≈ 1.6 km2.
All five tasks share the same 12 modalities (see Tab. 3) present in the MMEarth
pretraining dataset [35]. Within each task, we ensure no overlap among tiles.
Note that the MMEarth-Bench datasets are not designed for producing the
next best task-specific model or for time-series modeling. Rather, we design our
datasets for systematic evaluation of pretrained models that aim to generalize
to various downstream tasks with limited data under geographic shifts.

Splits. Each task’s tiles are split into train, validation, random test, and
geographic test sets (see Fig. 2). The tiles in Africa define the geographic test set,
as it is often underrepresented in labeled data derived from field measurements,
as is the case for our soil tasks [11, 55]. In practice, models finetuned with non-
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Table 2: MMEarth-Bench tasks.

Task # Tiles Unit Scale Type License

Biomass 18,393 Mg/ha Pixel-level Regression CC BY
Soil Nitrogen 5,643 g/kg Tile-level Regression CC BY-NC
Soil Organic Carbon 7,982 g/kg Tile-level Regression CC BY-NC
Soil pH 8,508 Unitless Tile-level Regression CC BY-NC
Species 36,410 Occurrence Tile-level Multi-label classification Terms of Use

Table 3: MMEarth-Bench modalities.

Pixel-level

Modality Bands / Variables

Sentinel-2 (S2) B1–B8, B8A, B9, B11, B12
Sentinel-1 (S1) (Asc., Desc.) × (VV, VH, HH, HV)
ASTER GDEM Elevation, slope
ETH Canopy Height Height, uncertainty
Dynamic World Landcover (9 categories)
ESA WorldCover Landcover (11 categories)

Tile-level

Modality Bands / Variables

Precipitation Last month, month, year
Temperature (Last month, month, year) × (max, mean, min)
Geolocation Longitude, latitude
S2 Date Date
Biome Biome (14 categories)
Ecoregion Ecoregion (846 categories)

Africa data might be used to make predictions in Africa, making it especially
relevant to understand how well this generalization works. The remaining tiles
are randomly split into train/validation/random test with ratios 70%/15%/15%.
We include a random and a geographic test set to evaluate model performance
both in- and out-of-distribution. To allow for evaluating models in very low data
regimes, we also provide train sets containing 50% and 5% of the training tiles,
selected randomly but where the 5% train set is a subset of the 50% train set.

Modalities. All tiles include 12 modalities, six of which are pixel-level (S2,
S1, ASTER GDEM [34], ETH Global Canopy Height [26], Dynamic World [8]
and ESA WorldCover [61]) and six of which are tile-level (ERA5 precipitation
and temperature, geolocation, Sentinel-2 date, biome and ecoregion [13]). Eight
of the modalities are continuous-valued and four are categorical-valued. All of
the modality data is accessed through Google Earth Engine (GEE) [18].

Tasks. Our biomass dataset is sourced from aboveground biomass estimates
from NASA’s 2020 GEDI mission [14]. We sample measurements with GEE such
that our tiles are approximately balanced across biomes. We obtain our soil data
from the WoSIS December 2023 snapshot [4]. We select soil N, soil OC, and soil
pH due to their environmental and ecological significance. Nitrogen is crucial
for plant growth, organic carbon is an indicator of soil quality, and pH has a
strong influence on biogeochemical processes in soil [58]. For each soil property
we aggregate data across time within the depth range 0-5 cm. Biomass and the
soil properties are regression tasks. We extract our species range data from the
IUCN Red List’s terrestrial mammal range polygons [22]. We filter by species
whose historic range covers at least 6,000 km2 both in and outside Africa and
then take the first 100 species. Sampling tiles from these overlapping ranges
yields multiple species per tile, making this a multi-label classification task. The
minimum number of tiles in which a species appears by split is 187 for train
100%, 101 for train 50%, 7 for train 5%, 32 for validation, 46 for random test,
and 173 for geographic test. See the Appendix for more details.

https://www.iucnredlist.org/terms/terms-of-use
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Biomass Soil Nitrogen Soil Organic Carbon Soil pH Species

Training 100% Validation Random test Geographic test

Fig. 2: Data splits in MMEarth-Bench. Each of the 5 tasks consists of a ge-
ographic test split (“Africa”) and splits the rest of the world randomly into training
(70%), validation (15%), and random test (15%) sets. Subsets with 50% and 5% of the
training data for even lower-shot experiments can be seen with our Explorer.

4 Method

Multimodal adaptation signal. We propose a method for multimodal test-
time training, TTT-MMR, in which we formulate reconstruction tasks using
the task modalities, i.e. the set of modalities available at test time. As we do not
use test labels, we treat these modalities as proxies for our task of interest. While
we know that canopy height is correlated with biomass [14, 26], for example, it
is generally nontrivial to preselect the best proxies for a given task. Thus, we
propose a method for using all available modalities in a test-time adaptation
signal. A task modality decoder is used to reconstruct all the task modalities
given the encoder’s embedding of the input modalities, i.e. the subset of modal-
ities accepted by the encoder. For a given task, we first perform joint training,
during which we train the task modality decoder with the mean of the modality
reconstruction losses, the main task decoder with the task loss, and the encoder
with the sum of these two losses. Then at test time the reconstruction losses
serve as an adaptation signal for the encoder (see Fig. 3). TTT-MMR nor-
malizes the gradients of the task modality reconstruction losses by modality and
then averages them across modalities (excluding missing modalities) so that each
modality contributes equally to the adaptation signal, regardless of its original
scale. We freeze the task modality decoder to force the encoder to adapt.

Formalization. Each batch B contains a set of |B| tiles. Each tile t ∈ B
has data for the input modalities, collectively it, and data for each task modal-
ity m ∈ M given by dm,t. The encoder is a function e with parameters θ of
the input modalities, which produces input embeddings {eθ(it)}t∈B . The task
modality decoder is a function h with parameters α of the input embeddings,
which produces modality reconstructions {d̂m,t = hα(eθ(it))m,t}m∈M,t∈B . Let
Rm,t(dm,t, d̂m,t) be the reconstruction loss for tile t’s modality m. For each
modality, the reconstruction loss is averaged across all tiles in the batch: Rm =
1

|B|
∑

t∈B Rm,t(dm,t, d̂m,t). We take the gradient of each per-modality recon-
struction loss with respect to the encoder parameters: ∂Rm

∂θ = ∂Rm

∂hα

∂hα

∂eθ
∂eθ
∂θ . To

put equal weight on each modality, we separately normalize their gradients,
∂Rm

∂θ → 1

∥ ∂Rm
∂θ ∥

∂Rm

∂θ , before averaging the gradients across modalities. We adapt
the parameter θj by backpropagating this mean gradient using stochastic gradi-
ent descent with learning rate λ: θj → θj − λ

|M |
∑

m∈M
1

∥ ∂Rm
∂θ ∥

∂Rm

∂θj
.

https://mmearth-bench.com/#explorer
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Fig. 3: TTT with multimodal reconstruction (TTT-MMR). (1) A (pretrained)
encoder is jointly trained with the main task decoder g and task modality decoder h to
get a prediction ŷ for the main task and a reconstruction d̂m for every task modality
m ∈ M . Then for each batch at test time, (2) the modality reconstruction losses
{Rm}m∈M are used as an adaptation signal to update the encoder iteratively, and (3)
the adapted encoder is used to yield improved predictions for the main task.

In an iterative optimization process, we can use the updated encoder to
generate new embeddings and reconstructions to compute new reconstruction
losses and gradients, which can then update the encoder again. After TTT,
the adapted encoder eθ′ produces embeddings that the task decoder g uses to
generate a final prediction ŷ = g(eθ′(i)), after which the encoder is reset to its
post-JT state for the next batch. We perform Imax iterations on every batch in
the validation set and then use the mean of the batches’ best iteration number
during testing. In our experiments, we use |B| = 8, λ = 10−2, and Imax = 5.

Batching. We compare TTT-MMR, in which batches are random, non-
overlapping samples of the test data, with TTT-MMR-Geo, which batches the
test data based on geographic proximity as a proxy for sample similarity. The
latter allows more specialization to the geographic domain defined by the batch,
at the cost of some regularization that comes from averaging over more geo-
graphically diverse tiles. We generate the geographic batches through recursive
spatial partitioning, mimicking a k-d tree [5]. We recursively subdivide the re-
gion containing the split’s tiles until only one subregion has more than |B| tiles.
This results in non-overlapping batches that are contiguous geographic regions.

5 Experiments

We address the following research questions: (1) How well can pretrained models
transfer to downstream tasks with limited reference data? (2) Can pretrained
models generalize geographically? (3) When do pretrained multimodal models
benefit from using multiple input modalities at test time? Lastly, we show that
multimodal TTT improves models with limited and geographically biased data.

5.1 Setup

Benchmarking. We benchmark 8 pretrained models: 3 RGB-only, 2 S2-only,
and 3 multimodal models (see Tab. 4). For comparison, we also evaluate a ran-
domly initialized ConvNeXtV2A model with RGB input and another variant
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Table 4: Pretrained models benchmarked.

Method Architecture Pretraining dataset Input modalities

Scale-MAE [41] ViT-L FMoW-RGB [9] RGB
DINOv3 Web [46] ViT-L/16 distilled LVD-1689M [46] RGB
DINOv3 Sat [46] ViT-L/16 distilled SAT-493M [46] RGB
SatlasNet [3] Swin-v2-B SatlasPretrain [3] S2
MPMAE [35] ConvNeXt V2-A MMEarth [35] S2
TerraMind [23] TerraMindv1-B TerraMesh [6] S2, S1, DEM, RGB
Copernicus-FM [53] ViT-B Copernicus-Pretrain [53] S2, S1, DEM, Geolocation, Date

Galileo [51] ViT-B Galileo dataset [51] S2, S1, NDVI, Temperature, Precipitation,
DEM, Dynamic World, Geolocation, Month

(ConvNeXtV2A-MM) with all modalities as input. We implement all models
with a linear task decoder. For the tile-level tasks, the task decoder consists of
global average pooling followed by layer norm and a fully connected layer, and
for the pixel-level task, it bilinearly upsamples the embeddings to the tile size
and then applies a convolutional layer with a 1×1 kernel. We finetune by training
all model parameters. Linear probing results are provided in the Appendix.

Multimodal models. The TerraMind encoder contains a series of blocks
in which modality-specific tokens are conditioned on one another through the
attention mechanism. For modality fusion, we use the default implementation,
which averages the patch embeddings from the final encoder block across modali-
ties. In contrast, cross-modal Copernicus-FM does not have per-modality encod-
ing. We implement it as a Siamese network, sharing parameters across modal-
ities. We separately compute embeddings for S2, S1, and DEM and then aver-
age them. Galileo linearly projects the modalities separately into tokens, adds
modality-specific embeddings to them, concatenates all the tokens into a sin-
gle sequence, and then performs self-attention in shared transformer blocks. For
ConvNeXtV2A-MM we one-hot-encode the categorical modalities, add spatial
dimensions to the tile-level modalities, stack all the pixel- and tile-level bands
in a single tensor, and set the number of input channels to 926.

JT and TTT. JT and TTT use a linear task modality decoder that bilinearly
upsamples the input embeddings to the tile size and then passes them through
a 2D convolution with a 1× 1 kernel that reconstructs every band in every task
modality at the tile resolution. We group the channels by modality and perform
global average pooling on the bands of the tile-level modalities, yielding the
modality reconstructions. For the reconstruction losses we use cross-entropy loss
and MSE loss for the categorical- and continuous-valued modalities, respectively.

Implementation. We run our experiments on an NVIDIA H200 140GB
GPU. The regression tasks use MSE loss and species uses BCE with logits loss.
Our hyperparameter settings are specified in the Appendix. In all results, “perfor-
mance” refers to R2 for the regression tasks and mean average precision (mAP)
for species. Following training, we select the checkpoint with the highest perfor-
mance on the validation set and report its results on both test sets. The input
data is normalized according to the pretrained model’s normalization method
and statistics or center-normalized using the mean and STD of the bands in the
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training set for the randomly initialized models and the task modalities. Shaded
regions in plots reflect 1 standard error across three distinct random seeds.

5.2 Results

Finetuning with limited reference data. We finetune all 8 pretrained mod-
els and the randomly initialized ConvNeXtV2A models on three subsets of the
training data: 5%, 50%, and 100%. We evaluate the models on the random,
in-distribution test split to determine how effectively they transfer to the five
tasks in MMEarth-Bench, with results shown in Fig. 4. Overall, the models
that take multimodal input data outperform the unimodal models and especially
the RGB-only models. MPMAE, an S2-only model, shows competitive or supe-
rior performance to the multimodal models on the biomass and soil OC tasks
especially. Surprisingly, the randomly initialized ConvNeXtV2A-MM model gen-
erally performs on par with the pretrained multimodal models, ranking 1st when
averaging rankings across tasks for 100% training data (see Appendix). As ex-
pected, its performance relative to the pretrained multimodal models worsens
with less training data, but it still ranks 4th overall with 5% training data, only
beaten by the other multimodal models. The RGB-only ConvNeXtV2A model
ranks poorly overall, but it performs similarly to or better than at least one of
the RGB-pretrained models on 4 out of 5 tasks. Biomass and soil OC appear to
be most sensitive to limited training data, with none of the models achieving a
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positive R2 with only 5% of the training data on the soil OC task, which existing
work in soil modeling has found to be challenging [15]. Comparing DINOv3 Web
and Sat shows that the domain-specific pretraining of DINOv3 Sat had little
benefit on our tasks. Copernicus-FM originally used multimodal inputs during
linear probing and unimodal inputs during finetuning in a cross-modal evalua-
tion [53]. We provide a multimodal finetuning evaluation of Copernicus-FM.

Geographic generalization challenge. Next, we evaluate all the models
on the geographic test split after finetuning on all the training data to determine
how effectively they generalize to Africa, for which they have not seen labels. As
shown in Fig. 5, for all tasks except biomass the models perform significantly
worse on the geographic test split than on the random one, despite being pre-
trained globally. Overall, the multispectral models perform best, though for soil
N and soil OC, even the multimodal models struggle on the geographic split, sug-
gesting that these properties are especially challenging to predict in new regions.
The randomly initialized ConvNeXtV2A-MM ranks 4th overall, while the multi-
modal pretrained Galileo model ranks 5th. ConvNeXtV2A-MM’s lower ranking
on the geographic than the random test split can be explained by i) it has not
seen any pretraining data from Africa and ii) being trained on all the modalities
may increase the risk of overfitting to the training distribution. This means that
the representations learned for Africa during pretraining can be beneficial when
labeled data is unavailable, especially for soil OC and pH. The DINOv3 models
have likely also seen unlabeled data from Africa during pretraining, but they are
still outperformed by ConvNeXtV2A-MM on 4 of the 5 tasks on the geographic
split. ConvNeXtV2A-MM’s strong performance on biomass and soil N suggests
that the multimodal inputs are helping to resolve ambiguities that pretraining
is not able to achieve. It is also possible that finetuning on the world without
Africa erases some of the information the pretrained models had encoded about
the region, hindering geographic generalization. All the soil tasks and species
occurrence offer an opportunity for globally pretrained models to improve their
methodology to better facilitate geographic generalization on downstream tasks.

Unimodal vs. multimodal input data. We compare multimodal and S2-
only variants of TerraMind, Copernicus-FM, and Galileo to evaluate the effect of
multimodal input data on their performance. Fig. 6 shows that the models can
use the additional modalities to produce better task-specific representations on
both test splits. While the multimodal version usually outperforms the unimodal
one (less pronounced for TerraMind), there are exceptions in the geographic
split of the soil tasks. While Fig. 5 showed that multimodal pretraining tends
to lead to better geographic generalization than unimodal pretraining, Fig. 6
suggests that finetuning the same multimodally pretrained model with multi-
rather than unimodal inputs can harm generalization. The additional modalities
could lead to overfitting to the non-Africa training domain, which is harmful if
the modalities undergo domain shifts between non-Africa and Africa. This effect
appears more strongly for TerraMind and Galileo than Copernicus-FM, which
could be because our Siamese Copernicus-FM simply averages embeddings across
modalities, but the fusion is learned in the other two. This behavior has been
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observed in prior work [40]. Furthermore, TerraMind and Galileo have modality-
specific encoders and thus more capacity to fit the training data.

Multimodal test-time training. After performing JT, we apply TTT-
MMR or TTT-MMR-Geo to the models to improve performance. Fig. 7 shows
that both of our proposed approaches improve performance over JT on all tasks.
For biomass, soil OC, and soil pH, both variants perform similarly, with TTT-
MMR-Geo displaying better performance on soil N and species. One-sided
(greater) Wilcoxon tests with Holm-Bonferroni correction demonstrate statis-
tical significance of the performance improvement after TTT for each boxplot
with p < 0.05. In addition, both methods improve performance on both test
splits, with larger gains on the geographic split for biomass and soil OC.

The method rankings per model averaged over tasks shown in Tab. 5 demon-
strate that both our TTT methods outperform JT for all models. TTT-MMR-
Geo is the best method for all models except SatlasNet, Galileo, and Con-
vNeXtV2A-MM, indicating that these may benefit from the additional regular-
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Table 5: Multimodal TTT improvement per model. Average ranks of JT (joint
training baseline), TTT-MMR (random batching), and TTT-MMR-Geo (geographic
batching). Ranks are mean ± standard error averaged over tasks and seeds.

Test split Method ConvNeXt
V2A

Scale-
MAE

DINOv3
Web

DINOv3
Sat

Satlas
Net MPMAE Terra

Mind
Copernicus

-FM Galileo ConvNeXt
V2A-MM

Random
JT 2.9± 0.1 3.0± 0.0 3.0± 0.0 3.0± 0.0 2.9± 0.1 3.0± 0.0 3.0± 0.0 2.8± 0.1 2.2± 0.2 2.5± 0.2
TTT-MMR 2.1± 0.1 1.8± 0.1 1.8± 0.1 1.7± 0.1 1.8± 0.1 1.6± 0.1 1.5± 0.1 1.7± 0.2 1.7± 0.1 1.7± 0.2
TTT-MMR-Geo 1.1± 0.1 1.2± 0.1 1.2± 0.1 1.3± 0.1 1.3± 0.1 1.4± 0.1 1.5± 0.1 1.5± 0.1 2.1± 0.2 1.8± 0.2

Geographic
JT 3.0± 0.0 2.8± 0.1 3.0± 0.0 3.0± 0.0 2.7± 0.2 2.7± 0.2 2.9± 0.1 2.8± 0.1 2.9± 0.1 2.5± 0.2
TTT-MMR 1.5± 0.1 1.9± 0.2 1.7± 0.1 1.5± 0.1 1.6± 0.2 2.0± 0.1 1.7± 0.1 1.8± 0.1 1.6± 0.1 1.9± 0.1
TTT-MMR-Geo 1.5± 0.1 1.3± 0.1 1.3± 0.1 1.5± 0.1 1.7± 0.2 1.3± 0.2 1.3± 0.2 1.4± 0.2 1.5± 0.2 1.7± 0.2

ization that comes from TTT-MMR’s random batching. The RGB-only models
tend to undergo larger performance improvements from TTT than the multi-
spectral and multimodal models (shown in the Appendix). These are the models
that otherwise have the least ‘information’ about a given tile, but both TTT-
MMR variants allow them to make use of multimodal data. The pretrained S2
and multimodal models still get additional modalities through TTT-MMR but
also get more spectral information as input. Although MPMAE was pretrained
by reconstructing these same modalities, we do not observe any special behavior
in its performance gains from TTT. Overall, all benchmarked models benefit
from our methods, despite having diverse architectures, pretraining strategies,
and input modalities. This demonstrates that our TTT methods are model- and
task-agnostic. Combining all 12 task modality reconstruction losses helps prevent
overfitting to any single reconstruction task, producing a more robust adapta-
tion signal that is more likely to align with the actual task of interest. Moreover,
our per-modality gradient normalization improves stability during TTT.

Long-tail performance improves especially with TTT-MMR-Geo.
Stratifying the same TTT results by sample frequency in Fig. 8 reveals that ge-
ographic batching plays a crucial role in improving performance on the long-tail
of the target distributions. For the regression tasks, as the sample frequency
decreases, JT and TTT-MMR increasingly underestimate the target value,
whereas TTT-MMR-Geo is robust to sample rarity. This can be explained by
the greater specialization provided by geographic batching. Tiles located closer
together are more likely to be more similar, so the tiles’ gradients used for adapt-
ing the encoder are more likely to point in similar directions. For random batch-
ing, averaging over the tiles’ gradients means any rare tile’s effect gets diluted.
For the species classification task, the three methods’ robustness to sample fre-
quency is more similar, but for the random split we observe greater performance
gains from TTT-MMR-Geo for rarer species than more common ones. This
may be due to the random test set being more geographically dispersed, so a
random batch is likely more diverse than a random batch within Africa.

6 Conclusion

Models pretrained on large, unlabeled Earth observation datasets aim to gen-
eralize to new tasks and geographic domains with limited data. To evaluate
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Fig. 8: Long-tail analysis of multimodal test-time training. Residuals and aver-
age precision (per species) stratified by sample frequency in each test split. Geographic
batching (TTT-MMR-Geo) substantially improves upon joint training (JT) and ran-
dom batching (TTT-MMR) for rare samples. Boxplots show the distribution over all
models with one seed using the median and whiskers based on the 1.5 IQR value.

their progress, we present MMEarth-Bench, a new multimodal benchmark
dataset that contains 12 aligned EO modalities and task data for biomass,
soil nitrogen, soil organic carbon, soil pH, and species occurrence. We bench-
mark 8 pretrained (RGB, multispectral, and multimodal) models on these tasks
and find that all models exhibit a geographic generalization gap on 4 out of
5 tasks. Self-supervised multimodal pretraining improves downstream perfor-
mance in low-shot regimes and under geographic shifts, but with sufficient la-
bels a simple multimodal model trained from scratch is competitive. To enable
any (pretrained) model to employ all available modalities when making predic-
tions, we propose self-supervised multimodal test-time training. Our proposed
TTT-MMR method uses all modalities as reconstruction tasks at test time to
provide a self-supervised adaptation signal. We show that TTT-MMR can im-
prove performance on all models, tasks, and splits over a joint training baseline,
with geographic batching displaying unique robustness to rare samples. Thus, we
have formulated an efficient, model-agnostic method for improving adaptation
performance at test time.
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