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Abstract

Recent advances in remote sensing have led to an increase
in the number of available foundation models; each trained
on different modalities, datasets, and objectives, yet cap-
turing only part of the vast geospatial knowledge land-
scape. While these models show strong results within their
respective domains, their capabilities remain complemen-
tary rather than unified. Therefore, instead of choosing one
model over another, we aim to combine their strengths into
a single shared representation. We introduce GeoSANE, a
geospatial model foundry that learns a unified neural rep-
resentation from the weights of existing foundation mod-
els and task-specific models, able to generate novel neural
networks weights on-demand. Given a target architecture,
GeoSANE generates weights ready for finetuning for clas-
sification, segmentation, and detection tasks across mul-
tiple modalities. Models generated by GeoSANE consis-
tently outperform their counterparts trained from scratch,
match or surpass state-of-the-art remote sensing founda-
tion models, and outperform models obtained through prun-
ing or knowledge distillation when generating lightweight
networks. Evaluations across ten diverse datasets and
on GEO-Bench confirm its strong generalization capabil-
ities. By shifting from pre-training to weight genera-
tion, GeoSANE introduces a new framework for unifying
and transferring geospatial knowledge across models and
tasks. Code and data are available at github.com/HSG-
AIML/GeoSANE.

1. Introduction

Foundation models have transformed computer vision and
remote sensing by providing strong, task-agnostic repre-
sentations capable of adapting towards a diverse set of
downstream tasks. In remote sensing, foundation mod-
els [1, 7, 8, 12, 14, 19, 20, 31, 43, 51] have demonstrated
that large-scale pretraining on multispectral and multimodal
satellite data yields transferable representations for classifi-
cation, segmentation, and detection. However, despite their
success, the landscape of remote sensing foundation mod-
els (RSFMs) remains fragmented: each model specializes in

Figure 1. Instead of pretraining geospatial (foundation) models
from satellite data (top), GeoSANE proposes to leverage publicly
available geospatial (foundation) models to train a shared latent
representation encapsulating their knowledge to generate model
weights tailored for specific downstream task (bottom).

a subset of sensors, spatial resolutions, or objectives, with
many models being complementary and some being more
comprehensive than others. Recent surveys [24, 50] count
more than 70 RSFMs, with more RSFM joining this list. As
a result, users must repeatedly decide which RSFM to select
or retrain for a new task, despite the fact that the union of
all these models probably encapsulates a broader range of
geospatial knowledge than any single RSFM alone.

In this work, we propose to take a fundamentally differ-
ent perspective. Instead of learning yet another foundation
model from remote sensing data, we propose to learn from
existing models themselves — directly from their parame-
ters in weight space. Inspired by recent advances in weight
space learning [28, 35, 36, 38, 39, 46], we treat the weights
of trained neural networks as input modality to learn a sin-
gle shared latent representation of a given population of
neural network models [37]. This approach would allow us
to combine the knowledge encoded in multiple pretrained
neural networks such that one could efficiently generate
new model weights, being more suitable for task-specific
fine-tuning but without the cost of large-scale pretraining.

https://github.com/HSG-AIML/GeoSANE
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We introduce GeoSANE, a sequential autoencoder for
neural embeddings acting as a geospatial model foundry
that learns a shared latent representation across di-
verse RSFMs and task-specific remote sensing models.
GeoSANE leverages a transformer-based encoder-decoder
in weight space to embed these heterogeneous neural net-
works spanning different architectures, sensing modalities,
and objectives, into a shared latent manifold. From this
manifold, GeoSANE can sample new weights to generate
entire models for a target architectures and a given remote
sensing downstream task. In doing so, GeoSANE shifts the
paradigm from data-centric pretraining to weight-centric
generation of remote sensing models (Fig. 1)

The proposed approach is motivated by three key points:
(i) The availability of open-source geospatial models on
platforms such as Hugging Face provides a rich collection
of pretrained models capturing a vast amount of domain-
specific knowledge. (ii) Operating directly in weight space
decouples knowledge transfer from data availability, en-
abling efficient adaptation across sensors, modalities, and
tasks. (iii) Pretrained models constrain their task-specific
models to be of similar architecture and size demanding
an additional distillation step to build lightweight models.
GeoSANE aims to address all the points above, as it collects
a heterogeneous population of existing geospatial models,
tokenizes their parameters, and learns a shared latent em-
bedding across them. Given a target architecture (being
small or large), GeoSANE samples from this latent space
to produce functional models whose weights encode the ag-
gregated knowledge of the full population.

We evaluate GeoSANE on 10 remote sensing datasets
spanning optical, multispectral, and radar modalities, and
across classification, segmentation, and detection tasks.
Generated models consistently outperform training from
scratch, match or exceed leading foundation models, and
outperform pruning and distillation baselines when used to
create lightweight neural networks. These results demon-
strate strong generalization and the feasibility of model gen-
eration in weight space for geospatial domains. In sum-
mary, our contributions are threefold:
• A new paradigm for remote sensing pretraining. We pro-

pose to learn from existing geospatial models in weight
space rather than from remote sensing data.

• GeoSANE, a scalable encoder-decoder approach that
trains from heterogeneous models and enables on-
demand weight generation for arbitrary architectures,
modalities, and tasks.

• Comprehensive empirical validation across multiple
tasks, sensors, and datasets, establishing weight space
learning as a viable alternative to regular pretraining.
Together, these results indicate that learning from exist-

ing models in weight space provides a novel path to harness
the rich landscape of geospatial foundation models.

2. Related Work
Remote Sensing Foundation Models. Recent progress
in remote sensing foundation models (RSFMs) enabled
the reuse of pretrained models for many different satellite
image analysis tasks. Early models such as SeCo [25],
SSL4EO-S12 [47], self-supervised ViT [33] and Sat-
MAE [7] demonstrated the benefits of large-scale pre-
training on Sentinel imagery [9, 44] for downstream clas-
sification and segmentation. Later works have greatly
expanded model capacity and data diversity. Scale-
MAE [31] introduced scale-aware pretraining for multi-
resolution data, while Prithvi-EO [19] and its successor
Prithvi-EO-2.0 [43] leveraged multimodal Landsat-Sentinel
fusion to build general-purpose geospatial transformers.
More recent foundation models have grown larger and more
versatile, covering more sensors, data types, and tasks.
CROMA [12] proposed cross-modal alignment between
optical and radar inputs to improve multimodal under-
standing. DOFA [51] introduced domain-oriented pretrain-
ing for aerial imagery, emphasizing generalization across
data sources. RingMo [42] explored large-scale multi-
modal transformers trained on diverse global datasets, while
AnySat [1] aimed for universality across sensors and resolu-
tions. Building on these trends, TerraFM [8] scaled model
and data size to a continental level with multisensor pre-
training, and TerraMind [20] extended this direction toward
generative, multimodal foundation models.

In contrast, GeoSANE moves beyond traditional satellite
imagery based pretraining by learning directly from exist-
ing remote sensing model weights to combine their encoded
knowledge in an shared latent representation.

Model Weight Generation. Early work on parameter
generation used hypernetworks [15], where a separate net-
work predicts the weights of a target model. More recent
work instead treats trained weights as a data modality, learn-
ing directly from weight space. Hyper-Representations [35]
showed that one can learn a lower-dimensional manifold
from a population of neural network models and that this
shared latent representation can be exploited to generate
functional models [36, 38]. Recent work further demon-
strated that such representations can be learned from het-
erogeneous models hosted on hubs [11], removing the
need for curated model zoos. More recent diffusion-
based approaches, including G.pt [28], Neural Network
Diffusion [46] and D2NWG [39], model the distribution
of trained weights to generate parameters conditioned on
dataset or architecture, demonstrating the feasibility of sam-
pling performant networks directly in weight space.

Despite these advances, learning from weights mostly
remains limited to either homogeneous model popula-
tions [28, 36, 38, 39, 46] or traditional computer vision
models [11]. This work addresses, for the first time, learn-



Figure 2. Overview of our approach. (Left) A heterogeneous collection of models, including ViTs, Swins, ResNets, UNets, and vision-
language models, is gathered from HuggingFace. (Center) A weight-space autoencoder is trained to reconstruct and embed these models
into a shared latent representation. (Right) From this latent space, GeoSANE can generate new models on demand for specific downstream
tasks such as flood segmentation, object detection, or land-cover classification.

ing from weights of fundamentally different architectures
processing non-RGB based input modalities and goes be-
yond image classification to pixel-wise segmentation and
object detection.

Model Merging. Model merging enables the combina-
tion of multiple models into a single one. Early work
focused on weight-space ensembling, where models fine-
tuned from a shared initialization are combined by aver-
aging or interpolating their parameters, as demonstrated in
Model Soups [49] and WiSE-FT [48]. However, when the
merged models have been fine-tuned on divergent tasks,
simple averaging often leads to performance degradation
due to conflicting parameter updates. To address these lim-
itations, recent methods like TIES-Merging [52] prune in-
significant weight changes and align important updates be-
fore averaging, while DARE [53] zeroes small deltas and
amplifies larger ones to reduce interference. Nonetheless,
most of these techniques assume that all models share the
same architecture and initialization.

In contrast, GeoSANE is designed to encapsulate the
knowledge of a large collection of remote sensing models,
regardless of their architecture or initialization, overcoming
key limitations of prior model merging methods.

3. Method

GeoSANE works in three stages (Fig. 2). First, we collect a
heterogeneous set of remote sensing models that cover dif-
ferent architectures, tasks, and sensing modalities. Next,
we train a weight-space autoencoder to embed these mod-
els into a shared latent representation. Finally, given a user
defined prompt model, we use the learned latent space to
generate new weights for the same architecture, producing
models that are ready for fine-tuning on downstream tasks.
We describe each stage in the sections that follow.

3.1. Collecting Remote Sensing Models
Model Retrieval. To train GeoSANE, we need a diverse
set of remote sensing models that capture knowledge across
multiple sensing modalities, tasks, and architectures. To
create such a dataset, we leverage the HuggingFace Hub,
which hosts an increasing number of open-source open-
weights geospatial models. We query the hub using a broad
range of keywords and tags describing both sensing modal-
ities (e.g., Sentinel-1, Sentinel-2, SAR, multispectral) and
tasks (e.g., land cover mapping, land cover segmentation,
flood detection, disaster response). The complete list of
keywords and tags used for model retrieval is provided in
the supplementary material. GeoSANE is designed to auto-
matically load and process a wide variety of architectures,
including Transformer-based backbones (ViT, Swin, etc.),
CNNs (ResNet, UNet, MobileNet, etc.), multimodal radar-
optical models, YOLO-style detectors, task-specific mod-
els for floods and wildfires, and vision-language models.
We exclude corrupted checkpoints, highly undocumented
repositories and models requiring unsafe remote code exe-
cution. For models with custom or non-standard implemen-
tations such as those from TorchGeo [40] or FLAIR [13],
we implement custom model loaders, which we will make
publicly available together with the final model collection.

Final Model Collection. After filtering, the final collec-
tion contains 96 (foundation) remote sensing models, repre-
senting approximately 38 billion parameters. Although the
number of individual models appears to be smaller than usu-
ally found machine learning datasets, the number of model
parameters per model is large ranging between hundreds of
millions of parameters to billions of parameters.

As a result, even a moderate number of models yields a
fair amount of tokens and parameters overall (see Section
5.1), which is sufficient to learn a strong shared representa-
tion. As illustrated in Figure 3, our dataset collection cov-



Figure 3. Our model collection retrieved from Hugging Face is di-
verse as seen in the distribution of model categories in our dataset.

ers a wide range of model categories, including both foun-
dation and task-specific models, providing a comprehen-
sive and representative view of remote sensing models land-
scape. This model collection serves as the training dataset
for GeoSANE, i.e., as input to learn a shared latent repre-
sentation of neural network weights.

3.2. Learning the Latent Weight Space
While there are various weight space learning methods for
model weights generation (see Section 2), GeoSANE fol-
lows the encoder-decoder setup of [38] due to its capability
to scale to larger model sizes. The core idea of [38] is to
tokenize model weights and express an entire model as a
sequence of token vectors. Using such a configuration al-
lows the encoder-decoder backbone to learn representations
on chunks of the sequences, and therefore enables training
on model sequences of different lengths, underlying archi-
tectures, and sizes.

Figure 4. Each weight matrix of a neural network model is tok-
enized given a fixed-size token. These tokens define the sequence
of inputs for autoencoding learning backbone of GeoSANE

Tokenization of Model Weights. To that end, the weights
w of models in the model collection are loaded and re-
shaped into 2D matrices per layer, then divided into fixed-
size tokens Tn of size dt (Fig. 4). Zero padding or split-
ting is applied where needed to ensure uniform dimensions,
and a binary mask M is included to distinguish real param-
eters from padding. Each token is augmented with a 3D
positional embedding P = [n, l, k] indicating absolute se-
quence position n, layer index l, and within-layer position
k. For training, the tokenized model weights are divided
into fixed-length chunks of a specified size (referred to as
window) to allow uniform batch sizes and to efficiently pro-
cess architectures of varying parameter counts. This repre-
sentation allows processing models of different sizes and
architectures in a unified sequence format. For simplicity,

Table 1. Comparison between training from scratch and finetun-
ing a GeoSANE-generated model across all benchmark datasets.
We report accuracy for single-label classification, mAP for multi-
label classification, mIoU for segmentation and mAP@0.5 for ob-
ject detection. Best results are in bold. ∆ indicates the absolute
improvement over training from scratch.

Dataset Backbone from scratch GeoSANE ∆

EuroSAT [17] ViT-L 95.0 99.1 +4.1
RESISC-45 [5] ViT-L 78.0 96.5 +18.5
fMoW [6] ViT-L 34.1 58.9 +24.8
Sen12Flood [30] ViT-L 80.4 85.2 +4.8
Cal. Wildfires [4] ViT-L 88.7 94.9 +6.2
BigEarthNet [41] ViT-L 68.3 88.7 +20.4

DFC2020 [34] Swin-B 46.8 54.3 +7.5
Spacenet1 [10] Swin-B 72.2 78.2 +6.0
Sen1Floods11 [2] Swin-B 81.0 89.6 +8.6

DIOR [22] Swin-B 67.5 79.0 +11.5

we drop the sequence indices n in the following.

Backbone and Learning Objective. The backbone it-
self operates as a sequence-to-sequence autoencoder with
its bottleneck serving as the shared latent representation of
model weights. It consists of an encoder gθ that maps the
input token sequence to a sequence of latent embeddings,
Z = gθ(T,P), and a decoder hψ that reconstructs the orig-
inal tokens from the latent embeddings, T̂ = hψ(Z,P).
To structure the embedding space, a projection head pϕ
maps the latent embeddings to a lower-dimensional space,
zp = pϕ(Z), which is used in a contrastive learning objec-
tive. Training is performed on chunks of token sequences
with a combination of reconstruction and contrastive loss:

Lrec = ∥M⊙ (T− T̂)∥22, (1)
Lc = NTXent(zp,i, zp,j), (2)
L = (1− γ)Lrec + γLc. (3)

Here, the mask M is used to separate real parameters
with 1 from padding with 0, ensuring that the loss is only
computed on actual weights. The contrastive term uses
two augmented views i, j of the same model: the first is
the original token sequence, while the second is a noised
version of it. Both views are processed through the en-
coder and projection head pϕ, and the NT-Xent loss en-
courages their projected embeddings to be close in latent
space while remaining distinct from embeddings of other
models. To stabilize training, [38] required normalizing the
weights of the models used for training layer-wise during
pre-processing which limits the representation learning to
models that share the same architecture. This limitation
was addressed in recent work [11] proposing to normalize
the loss at runtime instead and therefore enabling learning
weight-space representations of arbitrary models. Further, it



Table 2. Comparison with existing remote sensing foundation models on multiple remote sensing benchmarks. We report Overall Accuracy
for single-label classification, mean Average Precision for multi-label classification, mean intersection over union for segmentation and
mean Average Precision (mAP@0.5) for object detection. For GeoSANE, we report the mean ± standard deviation over three indepen-
dently generated models per prompt (Section 3.3); for all baselines, we report the values reported in the respective papers. Best results are
in bold, second best are underlined. ∆ indicates the absolute improvement over the best baseline

Model Backbone Single-label Multi-label Segmentation Object Det.

EuroSAT RESISC45 fMoW Sen12Flood Wildfires BigEarthNet DFC2020 SpaceNet Sen1Floods11 DIOR

SatMAE [7] ViT-L 98.9 94.8 58.2 80.3 88.6 86.2 44.1 78.1 – 70.9
Scale-MAE [31] ViT-L 99.1 95.7 – 82.6 90.8 87.9 – 78.9 74.1 73.8
RingMo [42] Swin-B – 95.7 – – – – – – – 75.9
CROMA [12] ViT-L 99.4 – 59.0 83.4 93.3 88.3 49.8 – 90.9 –
GFM [26] Swin-B – – – 77.9 91.9 86.3 – – 72.6 –
SkySense [14] ViT-L – – – – – 88.6 – – – 78.7
DOFA [51] ViT-L – 97.3 – – – – – – 89.4 –

GeoSANE ViT-L or Swin-B 99.1±0.2 96.5 ±0.1 58.9±0.1 85.2±0.3 94.9±0.2 88.7±0.1 54.3±0.3 78.2±0.3 89.6±0.1 79.0±0.2

∆ -0.3 -0.8 -0.1 +1.8 +1.6 +0.1 +4.5 -0.7 -1.3 +0.3

demonstrated the feasibility of using models from publicly
available model repositories such as Hugging Face as train-
ing data, instead of training the weight-space backbone on
homogeneous populations of neural network models. This
formulation is particularly important in our setting, where
the goal is to learn from a broad collection of remote sens-
ing models that vary across architectures, sensing modali-
ties, and tasks.

3.3. Generating new Models from the Latent Space
Once the backbone is trained, GeoSANE can generate
weights for new neural network models from the learned
representation space. Given a prompt model a (e.g., an
ImageNet-pretrained ViT-L or Swin-B from the timm li-
brary), we tokenize and encode its weights wa into the la-
tent space to obtain a latent representation Za = gθ(Ta).
We then fit a Kernel Density Estimator (KDE) around Za
and draw samples z̃ from this local distribution. This sam-
pling procedure explores nearby regions in the latent space
that are structurally similar to the prompt, while being
shaped by the geospatial knowledge captured during train-
ing. Each sampled latent representation z̃ is decoded using
the decoder to produce synthetic weight tokens T̃ = hψ(z̃),
which are subsequently de-tokenized into neural network
weights w̃. The resulting neural network shares the archi-
tecture of the prompt model but differs in the actual parame-
ter values, producing a network that is ready for fine-tuning
on the target downstream task. Sampling in latent space is
inexpensive, as both sampling and decoding require only
forward passes. This makes it feasible to generate multiple
candidate models and select top-m candidates according to
a simple performance criterion before fine-tuning.
In practice, we use ViT-L prompts for classification and
Swin-B prompts for segmentation and detection. We gen-
erate 10 candidate models per prompt and retain the best
m=3 for fine-tuning. In Table 7, we evaluate the generation

process using a larger set of prompt models, demonstrating
that the method generalizes across backbone families.

4. Downstream Tasks and Datasets
We evaluate models generated by GeoSANE on a diverse
set of downstream tasks, covering classification, segmenta-
tion, and object detection across multiple sensing modalities
(RGB, multispectral, SAR, and SWIR).

Classification We use six diverse datasets: RESISC45 [5]
(RGB scene recognition), EuroSAT [17] (multispectral land
use classification), fMoW [6] (multispectral scene classi-
fication, using 10% of the training set following common
practice [7, 25]), BigEarthNet [41] (multispectral multi-
label land cover classification), Sen12Flood [30] (SAR-
based flood detection), and California Wildfires [3, 4]
(SWIR-based wildfire detection). We also evaluate on
four classification benchmarks from GEO-Bench [21] (m-
EuroSAT, m-BigEarthNet, m-So2Sat, m-Brick-Kiln) fol-
lowing [8], to assess the generalization on standardized re-
mote sensing sets.

Semantic Segmentation We evaluate on three segmenta-
tion benchmarks: DFC2020 [34] (multispectral land cover
mapping), Sen1Floods11 [2] (SAR-based flood segmenta-
tion) and SpaceNet1 [10] (RGB building footprint extrac-
tion).

Object Detection For object detection, we use the DIOR
dataset [22], which contains 20 object categories in high-
resolution RGB aerial imagery.

Together, these datasets cover a wide range of remote
sensing tasks, multiple band types, and both single-label
and multi-label setups, ensuring that the evaluation is com-
prehensive. Further dataset details are provided in the sup-
plementary material.



Table 3. Comparison of GeoSANE with pruning and distillation baselines. For Magnitude Pruning and Variational Dropout, we prune
pretrained Remote Sensing Foundation Models (RSFMs) (ScaleMAE [31] and SatMAE [7]) and an ImageNet(IN)-pretrained ViT-L to
obtain versions with approximately 11M non-zero parameters (ResNet-18) and 5M (MobileNetV2) non-zero parameters. For Knowledge
Distillation, the same RSFMs and the ImageNet ViT-L act as teachers, and the student networks are ResNet-18 models with 11M parameters
or MobileNetV2 with 3.5M parameters. GeoSANE directly generates models of the target architecture and size. Best results are in bold,
second best are underlined. ∆ indicates the absolute improvement over the best baseline

Dataset
Magnitude Pruning (MP) Variational Dropout (VP) Knowledge Distillation (KD)

GeoSANE ∆Initial Models Initial Models Teachers

ViT-L (IN) ScaleMAE SatMAE ViT-L (IN) ScaleMAE SatMAE ViT-L (IN) ScaleMAE SatMAE

11
M

Pa
ra

m
s

RESISC-45 88.1 87.2 84.9 81.1 81.8 80.6 90.2 90.3 91.1 92.2 +1.1
EuroSAT 97.7 95.4 96.3 95.5 97.0 94.7 97.9 94.0 94.7 98.7 +0.8

fMoW 33.7 36.2 35.4 25.2 32.3 27.1 38.6 43.1 41.9 53.5 +10.4
BigEarthNet 45.6 59.1 62.1 38.2 44.9 49.8 65.7 67.3 66.5 83.7 +16.4
Sen12Flood 77.2 79.0 76.5 75.4 75.3 77.8 79.3 82.1 80.8 84.0 +1.9

Cal. Wildfires 82.9 82.7 84.6 79.1 79.8 81.3 85.2 87.6 88.0 91.6 +3.6

3.
5M

Pa
ra

m
s∗

RESISC-45 64.9 65.6 63.6 61.2 62.0 61.0 67.2 67.5 68.1 70.0 +1.9
EuroSAT 89.2 90.8 91.3 85.5 88.9 90.7 92.1 93.4 94.8 96.2 +1.4

fMoW 15.2 16.7 20.5 16.5 17.8 17.4 23.2 25.5 22.1 17.7 -7.8
BigEarthNet 42.5 41.8 43.9 32.8 34.6 37.1 55.1 60.7 58.5 73.3 +12.6
Sen12Flood 60.1 62.7 62.8 55.9 58.4 59.5 62.1 62.8 64.7 70.2 +5.5

Cal. Wildfires 68.0 69.6 69.9 62.9 63.7 66.2 72.9 74.1 75.4 75.9 +0.5
∗ For MP and VP, models were pruned to approx. 5M parameters instead of 3.5M, as lower sparsity caused model instability.

5. Experiments and Results
5.1. Implementation Details
GeoSANE is implemented as an autoencoder with approxi-
mately 900M parameters, where both the encoder and de-
coder are GPT-2 transformers [29]. Model weights are
reshaped and tokenized into fixed-size vectors of dimen-
sion 230, resulting in a total of approximately 165M to-
kens from our remote sensing model collection. To obtain
a stronger latent representation, we first pretrain GeoSANE
on a larger corpus of general computer vision models from
HuggingFace [11] (approximately 700M tokens), and then
finetune on the remote sensing tokens. GeoSANE is trained
for 150 epochs on a single NVIDIA H100 GPU. We use
AdamW [23] with a learning rate of 2 × 10−5, weight de-
cay of 3 × 10−9, and a OneCycleLR learning rate sched-
ule. The model is optimized using a combination of recon-
struction loss and contrastive guidance, as described in Sec-
tion 3. The checkpoint with the lowest validation loss is re-
tained for downstream model generation. For completeness,
we also report downstream results using models generated
from the latent space before fine-tuning GeoSANE on re-
mote sensing data (i.e., pretrained only on general computer
vision models). These results are provided in the supple-
mentary material.

5.2. Performance of Generated Models
We evaluate GeoSANE to test its ability to generate per-
formant model weights across diverse remote sensing tasks
and architectures. Our experiments are designed to answer
the following main questions:
Q1. Does GeoSANE provide better initialization than

training from scratch ?

Q2. How do models generated by GeoSANE compare to
existing remote sensing foundation models?

Q3. Does GeoSANE go beyond model merging by learning
relationships in weight space rather than just interpo-
lating weights?

Q4. Can GeoSANE generate strong lightweight models
without explicit compression?

Q5. How does GeoSANE improve and generalize across
diverse model prompts?

Experimental Setup Unless otherwise specified, clas-
sification experiments use GeoSANE-generated ViT-L
weights as the base architecture. For segmentation, we
attach a lightweight segmentation head to a GeoSANE-
generated Swin-B backbone. For object detection, follow-
ing prior work [14, 42], we use a Faster R-CNN detec-
tor [32] with a Swin-B backbone as the feature extractor.
For downstream evaluation, all generated models are fine-
tuned for 50 epochs using AdamW as the optimizer. We
select the final checkpoint based on the lowest validation
loss and report its corresponding test performance.

Q1: Initialization and Fine-tuning Performance
Table 1 compares models generated by GeoSANE with ran-
domly initialized ones of identical architectures and fine-
tuned for the same number of epochs, under similar condi-
tions. Across ten diverse datasets, GeoSANE consistently
outperforms training from scratch, with particularly large
gains on more challenging, heterogeneous datasets such as
fMoW and BigEarthNet, which contain many classes and
fine-grained labels. These results show that GeoSANE can
serve as an effective initializer for remote sensing models,
across various modalities.



Table 4. Comparison of a model generated by GeoSANE against a
merged model obtained by combining RSFMs using DARE [53],
and against individual RSFMs.

Model Single-label Multi-label

EuroSAT RESISC45 BigEarthNet

SatMAE [7] 98.9 94.8 86.2
Scale-MAE [31] 99.1 95.7 87.9

Merged Model 96.4 86.1 69.0

GeoSANE 99.1 96.5 88.7

Q2: Comparison with Existing RSFMs
Next, we benchmark GeoSANE against many exiting Re-
mote Sensing Foundation Models including SatMAE [7],
Scale-MAE [31], CROMA [12], RingMo [42], GFM [26]S,
kySense [14] and DOFA [51]. For classification tasks we
use ViT-L backbones, and for segmentation and detection
tasks we use Swin-B. As shown in Table 2, GeoSANE
achieves the best or second-best results across ten bench-
marks, matching or surpassing RSFMs. These results show
that GeoSANE can reach the same level of performance as
models that rely on large-scale pretraining, while generating
weights directly from its learned latent representation.

Evaluation on GEO-Bench
We further evaluate GeoSANE on GEO-Bench [21], which
provides standardized benchmarks for remote sensing foun-
dation models across multiple modalities and resolu-
tions. As shown in Table 6, GeoSANE achieves the best
or second-best performance across all four classification
datasets.

Q3: Comparison with Model Merging Methods
Since GeoSANE learns a latent representation from many
pretrained models, it is natural to ask whether sim-
pler parameter-space combination techniques could achieve
similar performances. A common baseline is model merg-
ing, where weights from different networks are combined
directly in parameter space. We therefore merge pairs
of remote sensing foundation models using the DARE
(Drop And REscale) [53] method and compare the resulting
merged models to GeoSANE-generated models of the same
architecture. As shown in Table 4, GeoSANE achieves con-
sistently higher performance, confirming that learning to
generate weights in latent space goes beyond parameter av-
eraging.

Q4: Comparison with Pruning and Distillation for
Lightweight Model Generation
A key advantage of GeoSANE is its ability to generate mod-
els of different sizes directly in weight space. This is par-
ticularly useful in remote sensing, where deployment often

Table 5. Comparison between finetuning the prompt models
used for generation (ImageNet-pretrained ViT-L for classifica-
tion and Swin-B for segmentation and detection) and finetuning
GeoSANE-generated models of the same architectures.

Dataset Prompt GeoSANE ∆

EuroSAT 97.8 99.1 +1.3
RESISC45 92.3 96.5 +4.2
fMoW 52.4 58.9 +6.5
Sen12Flood 84.2 85.2 +1.0
Cal. Wildfires 93.5 94.9 +1.4
BigEarthNet 82.6 88.7 +6.1

DFC2020 47.9 54.3 +6.4
Spacenet1 75.8 78.2 +2.4
Sen1Floods11 85.2 89.6 +4.4

DIOR 73.6 79.0 +5.4

requires small and efficient models for on-board processing.
To evaluate this, we compare GeoSANE to traditional com-
pression techniques: magnitude pruning [16], variational
dropout [27], and knowledge distillation [18]. For pruning
and variational dropout, we start from pretrained RSFMs
and compress them to ResNet-18 (11M parameters) and
MobileNetV2 (3.5M parameters) equivalents, followed by
fine-tuning under the same training settings as GeoSANE.
For distillation, the same RSFMs serve as teacher mod-
els, while ResNet-18 and MobileNetV2 act as students. In
contrast, GeoSANE directly generates ResNet-18 and Mo-
bileNetV2 weights of the same parameter budgets, requir-
ing neither a large teacher nor iterative pruning. As shown
in Table 3, GeoSANE consistently outperforms both prun-
ing and distillation baselines across all datasets and param-
eter budgets. These results demonstrate that GeoSANE
can effectively generate lightweight, high-performing mod-
els directly, without relying on compression pipelines or
teacher supervision.

Q5: Comparison With Prompt Models and Diversity of
Generated Models
GeoSANE-generated models vs. their prompts. We
next evaluate whether GeoSANE-generated models im-
prove over the pretrained models used as prompts during
generation. For each task, we use an ImageNet-pretrained
model as the prompt (ViT-L for classification, Swin-B
for segmentation and detection) and generate new weights
through GeoSANE. We then fine-tune both the prompt and
the generated model under identical settings. As shown in
Table 5, GeoSANE consistently yields higher performance,
showing that the generation process produces meaningful
and effective weight configurations. Since GeoSANE is
trained on a diverse collection of remote sensing models, it
learns weight patterns that are more aligned with geospatial
data, enabling it to produce initializations that outperform



Table 6. Results on four classification tasks from GEO-Bench [21]. All models are trained for 50 epochs. The reported numbers are overall
accuracy (OA). The m-bigearthnet dataset is evaluated using mAP. For GeoSANE, we report the mean ± standard deviation over three
independently generated models per prompt (Section 3.3); for all baselines, we report the values reported in the respective paper [8]. Best
results are in bold, second best are underlined. ∆ indicates the absolute improvement over the best baseline

Method Backbone m-eurosat m-bigearthnet m-so2sat m-brick-kiln

SatMAE [7] ViT-L 96.6 68.3 57.2 98.4
CROMA [12] ViT-L 96.6 71.9 60.6 98.7
DOFA [51] ViT-L 96.9 68.0 58.7 98.6
Prithvi-EO 2.0 [43] ViT-L 96.5 69.0 54.6 98.6
AnySat [1] ViT-B 95.9 70.3 51.8 98.6
Galileo [45] ViT-B 97.7 70.7 63.3 98.7
TerraFM [8] ViT-L 98.6 73.1 64.9 99.0

GeoSANE ViT-L 97.7±0.1 74.2±0.3 65.7±0.2 98.6±0.2

∆ -0.9 +1.1 +0.8 -0.4

Table 7. We evaluate diverse GeoSANE-generated models on
three tasks. All generated models are fine-tuned for 50 epochs.

(a) Classification with GeoSANE-generated Models

Dataset
MobileNet ResNet-18 ViT-Base ViT-Large

3.5M 11M 86M 300M

RESISC-45 70.0 92.2 91.4 96.5
EuroSAT 96.2 98.7 98.4 99.1
fMoW 17.7 53.5 56.7 58.9
BigEarthNet 73.3 83.7 86.9 88.7
Sen12Flood 70.2 84.0 83.1 85.2
Cal. Wildfires 75.9 91.6 93.8 94.9

(b) Semantic Segmentation with GeoSANE-generated Models

Dataset
UNet Swin-Base

17M 88M

DFC2020 48.3 54.3
Spacenet1 76.7 78.2
Sen1Floods11 84.2 89.2

(c) Object Detection with GeoSANE-generated Models

Dataset
ResNet-50 Swin-Base ViT-Large

26M 88M 300M

DIOR 57.9 79.0 77.4

ImageNet-pretrained prompts.

On-demand Diverse Models Generation Beyond
matching the performance of existing RSFMs, GeoSANE
also offers a major practical advantage: is not limited to
a single backbone family. It can generate weights for a
diverse range of architectures and model sizes, including

CNNs (ResNet, MobileNet, UNet, YOLO) and Trans-
formers (ViT, Swin). Across classification, segmentation,
and detection tasks, these generated models show strong
performance, proving that GeoSANE can generalize across
very different architectures and tasks. Table 7 summarizes
the results for all tasks and backbones. All models are
generated by GeoSANE and fine-tuned for 50 epochs.

6. Conclusion

In this work, we introduced GeoSANE, a model foundry
that learns geospatial representations directly from the
weights of existing models rather than from raw satellite
data. By embedding a heterogeneous population of pre-
trained remote sensing (foundation) models into a shared
latent representation, GeoSANE enables the generation of
new model weights on demand, tailored to specific archi-
tectures and tasks.

Across classification, segmentation, and detection tasks,
GeoSANE consistently improves downstream performance
over training from scratch, matches or surpasses state-of-
the-art remote sensing foundation models, and is able to
generate lightweight networks that outperform pruning- and
distillation-based approaches. These results demonstrate
that weight-space model generation is a competitive and ef-
fective alternative to large-scale pretraining. By learning
from models instead of data, GeoSANE offers a scalable
path to unify and transfer geospatial knowledge as the di-
versity and volume of remote sensing models continue to
expand.
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Supplementary Material

8. Effect of Remote Sensing Fine-tuning on
GeoSANE Model Generation.

To assess the contribution of remote sensing–specific fine-
tuning in GeoSANE’s latent weight space, we compare
models generated from two variants of the backbone: (1)
CV-only, where GeoSANE is trained only on general
computer vision models, and (2) CV+RS, where GeoSANE
is additionally finetuned on our remote sensing (RS) model
collection. For each setting, we generate weights for the
same target architectures (ViT-L) and finetune them iden-
tically on downstream tasks. This allows us to isolate the
effect of training GeoSANE on remote sensing weights on
the quality of the generated models. Results are shown in
Table 8.

When comparing Table 8 with the results in Table 5
(models prompt vs. GeoSANE-generated models), we ob-
serve that models generated without remote sensing fine-
tuning (CV-only) perform similarly to their ImageNet-
pretrained model prompts. Since these model prompts are
themselves ImageNet models, the latent space trained only
on computer vision models provides limited additional ben-
efit. In contrast, with additional training on remote sens-
ing model weights CV+RS, GeoSANE-generated models
clearly outperform their model prompts. This demonstrates
that training on remote sensing model weights is essen-
tial: it injects geospatial structure into the latent space
and enables the generation of initializations that outperform
ImageNet-pretrained prompts.

Table 8. Downstream performance of models generated by
GeoSANE trained without (CV-only) and with (CV+RS) remote
sensing model weights.

Dataset CV-only CV+RS ∆

EuroSAT 97.8 99.1 +1.3
RESISC45 93.4 96.5 +3.1
fMoW 53.1 58.9 +5.8
Sen12Flood 82.9 85.2 +2.3
Cal. Wildfires 92.2 94.9 +2.7
BigEarthNet 83.0 88.7 +5.7

DFC2020 48.6 54.3 +5.7
Spacenet1 75.3 78.2 +2.9
Sen1Floods11 86.0 89.6 +3.6

DIOR 73.7 79.0 +5.3

9. Downstream Datasets Sizes
Table 9 provides an overview of the evaluation datasets used
in this work, covering scene classification, segmentation,
and object detection tasks. For each dataset, we report the
number of classes, label type, input channels, and number
of samples. We also include the spatial resolution at which
we train our models; when datasets provide images at dif-
ferent native resolutions, we uniformly resize them to the
sizes listed in the table to ensure consistent training.

10. Additional Details on Model Collection Re-
trieval and Automatic Loader

Listing 1. Tags and keywords used for models retrieval.

[remote sensing, remote-sensing, NDVI, DSM,
remotesensing, earth observation, enMAP,
earth-observation, EO, satellite, LiDAR,
satellites, satellite imagery, S1, S2,
satellite-imagery, aerial, aerial imagery,
aerial-imagery, Sentinel-1, Sentinel 1,
Sentinel-2, Sentinel 2, SAR, landsat, MODIS,
synthetic-aperture-radar, multispectral,
multi-spectral, hyperspectral, cloud-mask,
hyper-spectral, enmap, vegetation-index,
AVIRIS, VIIRS, Pleiades, PlanetScope,
WorldView, drone, UAV, CubeSat, rsfm, RSFM,
satMAE, scalemae, satmae, dofa, optical,
radar, landcover, land-cover, land cover,
land use, land-use, urban mapping,
urban land cover, deforestation, snow cover,
flood detection, flood mapping, wildfire,
fire detection, glacier monitoring, DFC2023,
hazard mapping, coastal erosion, crop
monitoring, precision agriculture, air
quality, natural disasters, marine debris,
disaster response, soil sealing, methane
detection, building extraction, road
extraction, ai4eo, ml4eo, torchgeo, eo-learn,
rasterio, geopandas, earthengine, EuroSAT,
BigEarthNet, xView, FloodNet, SpaceNet,
so2sat, bigearthnet, brick-kiln, forestnet,
pv4ger, RESISC-45, pv4ger-seg, chesapeake,
cashew-plant, Crop Types, NeonTree, Cattles,
SegMunich, UC Merced, AID, FAIR1M, DIOR,
iSAID, ISPRS Potsdam, LEVIR-CD, BurnScars,
MADOS, PASTIS, Sen1Floods11, DynamicEarthNet,
FiveBillionPixels, CTM-SS, SpaceNet7, NAIP,
AI4Farms, METER-ML, fMoW, MLRSNet, WHU-RS19,
Optimal-31, AiRound, CV-BrCT, SpaceNet2,
INRIA Aerial, GID-15, DFC2020, Dynamic World,
MARIDA, WHU Aerial, Vaihingen, OSCD, DSIFN]



Figure 5. Convergence comparison between GeoSANE-initialized models and models trained from scratch.

Task Dataset # of classes Labels (per image) Size Channels # of samples

Classification

RESISC45 [5] 45 single 256× 256 RGB 31.5K
EuroSAT [17] 10 single 64× 64 Multispectral 27K
fMoW [6] 63 single 512× 512 Multispectral > 1M
BigEarthNet [41] 19 multiple 120× 120 Multispectral 590K
Sen12Flood [30] 2 (binary) single 256× 256 SAR 16K
California Wildfires [4] 2 (binary) single 224× 224 SWIR 20K

Segmentation
DFC2020 [34] 8 multiple 256× 256 Multispectral 5K
Sen1Floods11 [2] 2 (binary) single 512× 512 SAR 5K
Spacenet1 [10] 2 (binary) single 400× 432 RGB 7K

Obj. Detection DIOR [22] 20 multiple 800× 800 RGB 23.5K

Table 9. Overview of datasets, tasks, label types, and channels.

Figure 6. Qualitative Results of the Flood Segmentation task on
the Sen1Floods11 dataset

As outlined in the main paper, we build the GeoSANE

model collection by querying the HuggingFace Hub us-
ing a comprehensive set of modality-, task-, and dataset-
specific keywords (see Listing 1). Here we provide the ad-
ditional technical details required for full reproducibility.
Because many remote sensing repositories on HuggingFace
lack consistent metadata, we extend the search beyond tags
by matching the same keyword vocabulary against repos-
itory names, model filenames, and model-card text. This
procedure allows us to recover models even when authors
provide incomplete or missing tags. The full list of retrieval
keywords used in our search is included above.

A second practical challenge is that a substantial frac-
tion of the collected models (particularly those originat-
ing from TorchGeo, SSL4EO, or various institutional re-
leases) do not provide configuration files or explicit ar-
chitectural specifications. To ensure that all such mod-
els can be loaded in a unified manner, we implement
an automatic architecture reconstruction mechanism. In-
stead of relying on external configs, the loader infers the
backbone type and input dimensionality directly from the
structure of the state dict. Convolutional backbones
(e.g., ResNet-type models) are identified through their stem
convolutions, whose tensor shapes reveal both the ex-
pected number of input channels and the architectural fam-
ily. Transformer-based models (e.g., ViT, Swin) are de-
tected through their patch-embedding layers, from which



Figure 7. Qualitative Results of the Object Detection task on DIOR dataset

the loader extracts both in chans and the embedding di-
mension. When the checkpoint structure remains ambigu-
ous, we fall back on controlled filename heuristics (e.g., de-
tecting multispectral, SAR, RGB, or mission-specific Sen-
tinel/Landsat naming patterns) to infer sensing modality
and band count. Using these inferred attributes, the loader
reconstructs the closest matching architecture from timm
or segmentation models pytorch, and loads the
checkpoint. This procedure enables GeoSANE to handle
heterogeneous, partially documented checkpoints in a con-
sistent and fully automated way. All loader code will be
released alongside the final model collection.

11. Qualitative Results
Aside from quantitative results, we also provide qualita-
tive examples. Following the same procedure described in
the experimental setup, we first generate a Swin-B back-
bone with GeoSANE, then attach the appropriate task-
specific head (a Faster R-CNN detection head for DIOR,
or a segmentation head for Sen1Floods11). Figure 7 shows
some object detection outputs on the DIOR dataset, while
Figure 6 displays semantic flood segmentation results on
Sen1Floods11.

12. UMAP Visualization of the Latent Weight
Space

To better understand the structures learned by GeoSANE,
we visualize (Figure 8) the latent representations of all mod-
els in our remote sensing collection using UMAP. For each
model, we extract its full latent embedding sequence, sam-
ple 100 tokens randomly, and project these vectors to 2D
using UMAP. When colored by architecture (top), the em-
bedding shows clear structural organization: models shar-
ing similar backbone types, such as ViTs, UNets, Swins or
ResNets form well-separated clusters. This indicates that
GeoSANE’s latent space preserves meaningful distinctions
between architectural families. When colored by sensing
modality (bottom), the same embedding shows modality-
related structure: models having similar inputs (e.g., SAR

Figure 8. UMAPs Visualization of the latent weight space of
GeoSANE, colored by architecture (top) and modality (bottom).

or Landsat ) tend to appear in nearby regions of the space.
Together, these observations show that GeoSANE organizes
heterogeneous remote sensing models into meaningful la-
tent groups.



13. Convergence Behavior of GeoSANE-
generated Models

We study the convergence behavior of models initialized
with GeoSANE compared to models trained from scratch.
Figure 5 reports the validation performance over epochs
for three representative datasets (RESISC45, EuroSAT,
BigEarthNet), all using a ViT-L backbone. In every case,
GeoSANE-generated initializations achieve strong accu-
racy within the first few epochs and maintain a consistent
lead throughout training. This shows that GeoSANE does
not only produce models competitive with remote sensing
foundation models, but it also consistently accelerates opti-
mization; which is an important advantage in settings with
limited compute or training budgets.

14. Model Checkpoints Used for Training
Table 12 provides the complete list of model checkpoints
used to train GeoSANE. For each model, we report the pri-
mary task 11 and the sensing modalities 10 used during
training when this information is available from the origi-
nal repository or documentation.

Modality Number of Models

Multispectral 41
RGB 14
Multimodal 9
SAR 6
DEM 2
Unknown 24

Table 10. Distribution of modalities for the models used to train
GeoSANE.

Task Number of Models

Self-supervised representation learning 36
Semantic segmentation 15
Object detection 7
Classification 4
Generative models 2
Regression 1
Unknown 31

Table 11. Distribution of primary tasks for the models used to train
GeoSANE.



Checkpoint Checkpoint Checkpoint

jaychempan__EarthSynth azdin__llava-onevision-weather-dora mayrajeo__marine-vessel-yolo
torchgeo__presto azdin__llava-onevision-weather-qlora torchgeo__core-dino
DevPanda004__PrithviFlood azdin__qwen2-vl-weather-adalora torchgeo__delineate-anything
Mahadih534__YoloV8-VisDrone azdin__qwen2-vl-weather-dora torchgeo__delineate-anything-s
Mahadih534__yolov8_ship_det_satellite banghyunmin__Thermal_Video_Detection torchgeo__yolo11s_marine_vessel_detection
RedbeardNZ__LatentSync-1.6 banghyunmin__thermal-people-yolov11n wangyi111__Copernicus-FM
azdin__llava-onevision-weather-adalora mayrajeo__marine-vessel-detection-yolov8 IGNF__FLAIR-HUB_LC-A_IR_convnextv2base-unet
IGNF__FLAIR-HUB_LC-A_IR_convnextv2base-upernet IGNF__FLAIR-HUB_LC-A_IR_convnextv2tiny-upernet IGNF__FLAIR-HUB_LC-A_IR_swinbase-unet
IGNF__FLAIR-HUB_LC-A_IR_swinbase-upernet IGNF__FLAIR-HUB_LC-A_IR_swinlarge-upernet IGNF__FLAIR-HUB_LC-A_IR_swinsmall-upernet
IGNF__FLAIR-HUB_LC-A_IR_swintiny-upernet IGNF__FLAIR-HUB_LC-A_RGB_swinbase-upernet IGNF__FLAIR-HUB_LC-A_RGB_swinlarge-upernet
IGNF__FLAIR-HUB_LC-A_RGB_swinsmall-upernet IGNF__FLAIR-HUB_LC-A_RGB_swintiny-upernet IGNF__FLAIR-HUB_LC-D_swinbase-upernet
IGNF__FLAIR-HUB_LC-F_swinbase-upernet IGNF__FLAIR-HUB_LC-I_swinbase-upernet IGNF__FLAIR-HUB_LC-L_swinbase-upernet
IGNF__FLAIR-HUB_LPIS-A_swinbase-upernet IGNF__FLAIR-HUB_LPIS-I_swinbase-upernet IGNF__FLAIR-HUB_LPIS-J_swinbase-upernet
Jabasingh__VCTI torchgeo__core-dino torchgeo__satlas
chrimerss__flood-foundation-prithvi-100m torchgeo__croma torchgeo__seco-eco
chrimerss__flood-foundation-prithvi-300m torchgeo__decur torchgeo__seco-eco-ndvi
chrimerss__flood-foundation-prithvi-600m torchgeo__delineate-anything torchgeo__sentinel1_unet_effb4_openearthmap_sar
chrimerss__flood-foundation-prithvi-tiny torchgeo__delineate-anything-s torchgeo__ssl4eo_landsat
chrimerss__flood-foundation-resnet101-unet torchgeo__dofa torchgeo__swin_v2_b_naip_rgb_satlas
chrimerss__flood-foundation-resnet152-unet torchgeo__earthloc torchgeo__swin_v2_b_sentinel2_rgb_satlas
chrimerss__flood-foundation-resnet50-unet torchgeo__fields-of-the-world torchgeo__unet_resnet34_oam_rgb_tcd
galeio-research__OceanSAR-1 torchgeo__ftw torchgeo__unet_resnet50_oam_rgb_tcd
galeio-research__OceanSAR-1-tengeop torchgeo__resnet18_sentinel2_all_moco torchgeo__vit_base_patch32_224_skyclip_50pct
galeio-research__OceanSAR-1-wave torchgeo__resnet18_sentinel2_rgb_moco torchgeo__vit_large_patch14_224_clip_laionrs
galeio-research__OceanSAR-1-wind torchgeo__resnet18_sentinel2_rgb_seco torchgeo__vit_large_patch14_224_skyclip_30pct
mrm8488__convnext-tiny-finetuned-eurosat torchgeo__resnet50_fmow_rgb_gassl torchgeo__vit_large_patch14_224_skyclip_50pct
openclimatefix__power_perceiver torchgeo__resnet50_landsat7_l2_all_moco torchgeo__vit_large_patch16_224_fmow_rgb_scalemae
pszemraj__convnextv2-nano-22k-384-boulderspot torchgeo__resnet50_sentinel1_all_moco torchgeo__vit_small_patch16_224_sentinel2_all_dino
quantum-leap-vcti__VCTI-RoBERTa-Fiber torchgeo__resnet50_sentinel2_all_dino torchgeo__vit_small_patch16_224_sentinel2_all_moco
swardiantara__drone-term-extractor torchgeo__resnet50_sentinel2_all_moco torchgeo__yolo11s_marine_vessel_detection
torchgeo__ai4g_flood torchgeo__resnet50_sentinel2_rgb_moco Burdenthrive__cloud-detection-segformer-mit_b4-RGB
torchgeo__copernicus-fm torchgeo__resnet50_sentinel2_rgb_seco Burdenthrive__cloud-detection-unet-regnetzd8

Table 12. Remote Sensing Model checkpoints used to train GeoSANE.
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