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Abstract

Predicting satellite imagery requires a balance between structural accu-
racy and textural detail. Standard deterministic methods like PredRNN or
SimVP minimize pixel-based errors but suffer from the "regression to the
mean” problem, producing blurry outputs that obscure subtle geographic-
spatial features. Generative models provide realistic textures but often
misleadingly reveal structural anomalies. To bridge this gap, we introduce
Sat-JEPA-Diff, which combines Self-Supervised Learning (SSL) with La-
tent Diffusion Models (LDM). An IJEPA module predicts stable semantic
representations, which then route a frozen Stable Diffusion backbone via
a lightweight cross-attention adapter. This ensures that the synthesized
high-accuracy textures are based on absolutely accurate structural predic-
tions. Evaluated on a global Sentinel-2 dataset, Sat-JEPA-Diff excels at
resolving sharp boundaries. It achieves leading perceptual scores (GSSIM:
0.8984, FID: 0.1475) and significantly outperforms deterministic baselines,
despite standard autoregressive stability limits. The code and dataset are
publicly available on GitHub.

1 Introduction

Continuous Earth observation is crucial for environmental monitoring but hindered by fre-
quent cloud cover. Therefore, spatiotemporal forecasting (¢ — ¢ + 1) becomes an indis-
pensable ”virtual sensor” that helps bridge the gap. Current forecasting models face a
fundamental trade-off. Deterministic methods, such as PredRNN Wang et al) (2022) and
SimVP Gao et al| (2022), focus on optimizing pixel-wise error (MSE). This, however, re-
sults in "regression toward the mean” with blurry images that lack spectral detail. On the
contrary, generative forecasting approaches, like Denoising Diffusion Probabilistic Models
(DDPMs) Rombach et al| (029), excel in reproducing plausible textures. Nevertheless,
these are often ”hallucinations” that generate plausible but false structures, especially with-
out adequate semantic guidance.

In this paper, we propose Sat-JEPA-DIff, a novel spatiotemporal forecasting model that
integrates the benefits of self-supervised learning with generative capabilities. We _adapt,
LIEPA Assran et al) (2023) to forecast pre-computed Alpha Earth Foundation Model Brown
et al| (2025) embeddings, providing robust SOTA semantic guidance to a frozen Latent
Diffusion Model via a cust cross-attention adapter. Details on the dataset are provided
in Appendix |Al and Figureﬁ

*This project was funded by the European Union (project No S-MIP-23-45) under the agreement
with the Research Council of Lithuania (LMTLT).
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Figure 1: Overview of Sat-JEPA-Diff. The IJEPA module (left) predicts future semantic
embeddings 2,41 from input I;. These embeddings, combined with coarse spatial structure,

condition a frozen SD3.5 backbone via a learned adapter to generate I .

2 Related Work

Spatiotemporal S_ngasm'nﬁ. y studies used RNNs like ConvLSTM ()
and PredRNN Wang et al. (2022) for te deli but these are computationally
intensive. CNN-based models like SimVP Egao et al] (5‘023) improved efficiency via spatial
convolutlons However these deterministic models optimize pixel-wise L1/L2 losses, biasing

the mean and producing blurry outputs lacking high- frequency detail
athieu et al ( 015).

Generative Models in Remote Sensing. While GANs boodfellow et all (lZOMI) mitigate
blurring, they suffer from mode collapse. Denoising Diffusion Probabilistic Models (DDPMs)
and Latent Diffusion Models (LDMs) have emerged as promising alternatives to GANs for
texture synthesis tasks. However, using LDMs for satellite time—series images is not an
easy task, as these models are prone to ”hallucinating” as road topologies or
buildings, etc., without any semantic constraints Saharia et al ( 02 )

Self-Supervised Representation Learning. Effective structure-tex Ame_bnd.glﬂg ires se-
mantic guidance. While MAE () and SatMAE Cong et al (E%%Jg n
representations by reconbtructlng pixels, they overfit on noise. IJEPA |Assran et al] 23)
avoids this in_abstract space. (igpcllrrﬁnhlgg gﬁT ,Eo_uléf]atlon models suc] -
pha Brown et al) (2025), Panopticon Waldmann et alf (2025), and TerraMind Jakubi

(2025) provide powerful pre-trained EO embeddings. Sat-JEPA-Diff leverages IJEPA

with such embeddings for diffusion conditioning, avoiding spatial collapse of prior hybrid
approaches.

3 Methodology

Our framework, illustrated in Figure m, consists of two synergistic modules: (1) an IJEPA-
based temporal predictor that forecasts future semantic embeddings, and (2) a conditioned
diffusion generator that synthesizes high-fidelity RGB imagery guided by these predictions.
Full architectural specifications and hyperparameters are provided in AppendiXpEe

Problem Formulation. Given a satellite image I; € R3*#*W at time ¢, our goal is to predict

the corresponding image I;1 at time t+1. We decompose this into two stages: (i) predicting
the semantic representation Z;y; of the future frame, and (ii) generating the RGB output
conditioned on this prediction.

IJEPA Tlim.pgml_ﬁrﬁdi ion. We adapt the Joint-Embedding Predictive Architecture
(IJEPA) |Assran et al) (2023) for temporal forecasting. Unlike masked autoencoders that

reconstruct pixels, IJEPA operates entirely in latent space, learning representations robust
to sensor noise and atmospheric variations.
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Encoder. A Vision Transformer Fy processes the input image I; into patch embeddings:
2 = Ey(I;) € RN*P

where N = (H/p)? is the number of patches with patch size p, and D is the embedding
dimension.

Predictor. A transformer-based predictor Py forecasts future embeddings from the encoded
representation:
2t+1 = P¢(Zt) S RNXD

Target Encoder. Following IJEPA, we maintain an exponential moving average (EMA) copy
E¢ of the encoder to produce stable target embeddings 2/, | = E¢(fi41).

IJEPA Loss. mploy a hybrid loss combining reconstruction and contrastive objectives
(see Appendix for component justification):

Liyepa = Mll2e41 — 281 1+ A2(1 = cos(Ze41, 2141)) + A3Lspatial + AdLeontrast

where Lgpatial penalizes variance mismatch between predicted and target embeddings to
prevent spatial collapse, and Lcontrast is an InfoNCE loss ensuring global discriminability.

Conditioned Diffusion Generation. We leverage Stable Diffusion 3.5 Esser et al! (2024) as
our generative backbone, keeping the core transformer frozen and training only a lightweight
conditioning adapter with LoRA Hu et al| (2022).

Conditioning Adapter. The adapter A, transforms IJEPA embeddings into cross-attention
conditioning signals:
c= (hap) = Aw(ét-‘rla Itc)

where h € RM*4096 provides token-level conditioning via cross-attention, p € R2%4® provides
global conditioning, and I is a coarse 32 x 32 downsampled version of I; that preserves
low-frequency spatial structure.

The adapter employs a learned fusion gate « to balance semantic (IJEPA) and structural
(coarse RGB) signals:
h=a- hsemantic + (1 - Oé) . hcoarse

Flow Matching Objective. Following rectified flow formulation Liu et al| (2022), we train
with velocity prediction. Given target latents zy from VAE-encoded I;y; and noise € ~
N(0, ), we construct:

o =(1—0)xg+0e, v°=€—ux
The diffusion backbone learns to predict this velocity:

Laigt = ||[vo(To,0,¢) — v*||* + Assim Lss1m

Total Objective. The complete training loss combines both modules:

L = Lyepa + ALaig

4 Results

As presented in Table E, deterministic baselines (PredRNN, SimVP) achieve high PSNR
and SSIM scores. However, these metrics are pixel-wise and encourage blurred predictions
that "regress towards the mean.” In contrast, Sat-JEPA-Diff achieves a significantly higher
GSSIM score of 0.8984, which is an increase of over 11% over the best baseline. GSSIM
evaluates the preservation of edges and structural gradients. Our results indicate that
semantic guidance successfully maintains sharp geospatial features such as roads and urban
areas avoiding the blurring typical of deterministic models. Furthermore, swapping the
ViT encoder for Panopticon Waldmann et al! (2025) produces similar perceptual results,
demonstrating that our approach is not dependent on a single encoder type. Although
SSIM_drops slightly, this decrease reflects the well-known perception-distortion trade-off
Blau & Michaelj (2018), as the model prioritizes realistic texture synthesis over exact pixel
averaging.
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Table 1: Quantitative comparison on the test set. Arrows indicate whether lower ({) or
higher (1) values are better. Best results are highlighted in bold.

Model L1} MSE] PSNRt SSIM 1 GSSIM 1+ LPIPS| FID |
Deterministic Baselines

Default 0.0131 0.0008 37.52 0.9361 0.7858  0.0708 0.6959
PredRNN Wang et. al| (2029) 0.0117 0.0005 38.38 0.9476 0.7836  0.0726  9.9720
SimVP v2 (2023) 0.0131 0.0006 37.63 0.9391 0.7719  0.0928 18.7208

Generati

SD 3.5 ( 0.0175 0.0005 32.98 0.8398 0.8711  0.4528 0.1533
MCVD Noleti et al 0.0314 0.0031 31.28 0.8637 0.7665 0.1890 0.1956
Ours (Panopticon) Waldmann et al (M) 0.0179 0.0005 32.89 0.8398  0.8750 0.4475  0.1475
Ours 0.0158 0.0004 33.81 0.8672 0.8984 0.4449  0.1475

Sat-JEPA-Diff
nopticon

PredRNN SimVP v2

Figure 2: Qualitative comparison of next-frame predictions (¢t — ¢+ 1). While deterministic
baselines (PredRNN, SimVP) suffer from spectral blurring, Sat-JEPA-Diff preserves high-
frequency details and geospatial boundaries.

Qualitative Analysis. Figure E presents a visual comparison of next-frame predictions
(t = t+1). Deterministic baselines like PredRNN and SimVP suffer from spectral blurring,
masking Istanbul’s urban density and smearing Amazonian agricultural borders. Sat-JEPA-
Diff overcomes this by generating crisp, realistic textures. Our model preserves intricate
street networks and distinct forest edges, validated by our superior GSSIM scores. While
diffusion-based generation introduces minor stochastic variations, the semantic grounding
provided by the IJEPA module ensures these variations remain geosemantically plausible.
We further validate long-horizon temporal consistency through autoregressive rollout exper-
iments in Appendix E‘

5 Conclusion

We presented Sat-JEPA-Diff, a novel framework integrating the semantic reasoning of [JEPA
with the generative power of Latent Diffusion Models. By shifting forecasting from pixel
space to a semantic latent space, we successfully mitigate the blurring artifacts of deter-
ministic baselines. Our results demonstrate superior performance in structural integrity
(GSSIM) and perceptual quality (FID). Future work will explore replacing learned embed-
dings with vision-language scene descriptions as temporally forecastable conditioning signals
for generation.
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A Dataset Details

To train and evaluate the Sat-JEPA-DIiff architecture, we curated a large-scale, multi-modal
dataset spanning diverse geographical landscapes.

A.1 Data Sources

e Embeddings: Alpha Earth Foundation Model Embeddings. We use pre-computed
64-dimensional feature vectors per pixel, which contain semantic information resis-
tant to noise from the atmosphere.

o Optical Imagery: Sentinel-2 Surface Reflectance (RGB bands), harmonized to 10m
GSD. Images are normalized to the range [0,1].

A.2 Spatiotemporal Distribution

The data set covers a period from 2017 to 2024, and there are 100 unique Regions of Interest
(Rols).

=

Figure 3: Geographical distribution of the 100 selected Regions of Interest (Rols).

B Implementation Details

Our architectural configurations, hyperparameters, and training infrastructure are summa-
rized below.
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B.1 Network Architecture

IJEPA Module. We use a Vision Transformer (ViT) backbone as the encoder Ey. The
encoder processes 128 x 128 RGB input images with patch size 8, producing N = 256 patch
tokens. The embedding dimension is D = 768 for the base configuration. The predictor Py
is a lightweight transformer with depth configurable via hyperparameter (default: 6 layers).
The target encoder Eg is an exponential moving average (EMA) copy of Fy, updated with
momentum 7 € [0.999, 1.0] following a cosine schedule.

Projection Head. A linear projection layer maps the predictor’s raw output from 768 di-
mensions to the target embedding dimension of 64, matching the Alpha Earth Foundation
Model embedding space used as supervision signal.

Conditioning Adapter. The adapter A, transforms IJEPA embeddings and coarse RGB
signals into SD3.5-compatible conditioning. It consists of:

o IJEPA Token Projection: A three-layer MLP (768 — 1024 — 1024 — 4096) with
LayerNorm and GELU activations, projecting semantic tokens to the cross-attention
dimension.

e Coarse RGB Projection: The 32 x 32 reference image is patchified into 8 x 8 = 64
tokens (patch size 4 x 4), each with dimension 48 (flattened 4 x 4 x 3 RGB values).
A similar MLP (48 — 1024 — 1024 — 4096) projects these to cross-attention space.

e Pooled Projection: Mean-pooled IJEPA tokens are projected via a two-layer MLP
(768 — 1024 — 2048) for global conditioning.

o Fusion Gate: A learned sigmoid gate balances IJEPA semantic signals and coarse
RGB structural signals: h = « - hsemantic + (1 — @) + Peoarse-
Learnable positional embeddings (up to 1024 tokens for IJEPA, 64 tokens for coarse RGB)

are added before projection. Total adapter parameters: ~25M.

Stable Diffusion Backbone. We use Stable Diffusion 3.5 Medium [Esser et al| (2024) as the
generative backbone. The core transformer is kept frozen, with only Low-Rank Adaptation
(LoRA) Hu et al} (2022) modules trained on the attention projections. LoRA configuration:
rank r = 8, alpha @ = 16. The VAE encoder/decoder operates at 8x spatial compression.

B.2  Training Configuration
Optimization. We use AdamW optimizer with the following schedule:

« Base learning rate: 1 x 10~*

o Start learning rate: 2 x 1075 (linear warmup)

o Final learning rate: 1 x 1076 (cosine decay)

e Warmup epochs: 1

o Weight decay: 0.04 — 0.4 (cosine schedule)

e Total epochs: 100
Mixed Precision. Training uses bfloat16 automatic mixed precision for memory efficiency.
The VAE is kept in float32 for numerical stability during encoding/decoding operations.

Batch Size. We trained the model with a batch size of 8 per GPU. For multi-GPU training,
we use PyTorch DistributedDataParallel with synchronized batch normalization.

EMA Schedule. Target encoder momentum follows: 7t = Tpase + t * (Tnal — Thase)/T's Where
Thase = 0.999, Tana1 = 1.0, and T is the total training iterations.

B.3 Loss Function Weights

IJEPA Hybrid Loss. We employ a multi-component loss to prevent spatial collapse:
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o L1 reconstruction weight (A;): 20.0

o Cosine similarity weight (A2): 2.0

o Spatial variance weight (Az): 2.0

o Contrastive (InfoNCE) weight (A4): 0.5
o Feature regression weight: 5.0

o Contrastive temperature: 7 = 0.1

Diffusion Loss. Flow matching MSE loss with SSIM regularization (weight 0.1). Total loss
combines IJEPA and diffusion objectives with SD loss weight A = 1.0.

Reference Dropout. During training, the coarse RGB reference is dropped with probability
p = 0.15 to encourage the model to rely on IJEPA semantic predictions alone, improving
generalization.

B.4 Masking Strategy
Following IJEPA |Assran et al| (2023), we use multi-block masking:

o Encoder mask scale: [0.7,1.0] (proportion of patches visible)

o Predictor mask scale: [0.2,0.5] (proportion of patches to predict)
o Aspect ratio range: [0.75, 1.5]

e Number of encoder masks: 1

e Number of predictor masks: 1

e Minimum patches to keep: 6

e Overlap allowed: True

B.5 Inference Configuration
Diffusion Sampling. At inference, we use the Flow Matching Euler Discrete scheduler with:

e Default sampling steps: 20
« Noise strength for latent initialization: ¢ = 0.35

o Single-step speed estimation to increase efficiency.
Conditioning Fusion. The 32 x 32 RGB image I;, with a reduced sampling rate, captures
large spatial patterns, while the IJEPA embedded vectors z;11 provide detailed semantic

cues. During training, the merging gate stabilizes around a =~ 0.5, indicating that the
network treats both inputs with equal weight.

B.6 Computational Resources

Hardware. All experiments were performed on a single NVIDIA RTX 5090 24GB GPU.

B.7 Text Conditioning
We use a fixed prompt for all Sentinel-2 imagery:
“High-resolution Sentinel-2 satellite image, multispectral earth observation,

natural colors RGB composite, 10m ground resolution, clear atmospheric
conditions, detailed land surface features”
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Figure 4: Systematic IJEPA Loss Ablation. Validation metrics over 100 epochs demon-
strate that our full objective function (E curve) uniquely avoids representation collapse and
maintains high embedding variance compared to near-zero variance in the reduced under-
lying models (A-D curves). Despite higher total loss, the full model maintains high cosine

similarity and achieves superior spatial variance.
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SimVP v2
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Sat-JEPA-Diff
with Panopticon

Sat-JEPA-Diff

Figure 5: Long-horizon autoregressive rollout comparison (2018 — 2024) on the Rio de
Janeiro Coast. Top Row: Ground Truth. Rows 2-3: Deterministic baselines rapidly de-
grade into spectral blurring (spatial collapse) after 2-3 steps. Bottom Row: Sat-JEPA-Diff
maintains high contrast and structural sharpness throughout the 7-year horizon.

B.8 Ablation on IJEPA Loss Components (Training Dynamics)

To address the necessity of a multi-component loss formulation under our computational
constraints, we performed an early trajectory ablation study (20 epochs) focusing on the
IJEPA encoder and predictor operating on SOTA base model embedded vectors.
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As shown in Figure @ while the constrained 20-epoch window naturally allows the curves to
converge to a similar limited region, early learning dynamics reveal critical differences. Re-
moving certain adjustment terms (e.g., spatial variance or contrast loss) significantly delays
the initial alignment with the target embedded vectors and destabilizes the early learning
phase. This early trajectory analysis supports our reliance on full hybrid formulation to
provide rapid and robust semantic orientation. A comprehensive full-scale ablation of 100
epochs with a diffusion backbone remains a key direction for future extended studies.

B.9 Reproducibility

Random Seeds. To enable CUDA’s determinism, we lock the NumPy and PyTorch seed
values to 0 and set torch.backends.cudnn.benchmark = True.

Data Split. The dataset is randomly shuffled before being divided into 80% training and
20% validation subsets.

Code Availability. We built this pipeline on PyTorch 2.0+, using PEFT for Diffusers for
SD3.5 and LoRA integration. The YAML configuration files track all experimental settings.

C Autoregressive Stability Analysis

We assessed long-term stability using an autoregressive rolling method. Starting with the
actual image from 2018, we generated predictions up to 2024 by feeding previous outputs
back into the network. Figureeé shows how deterministic methods (PredRNN, SimVP)
rapidly blur high-frequency details to minimize MSE. Sat-JEPA-Diff successfully avoids
this spatial collapse, preserving clear textures and sharp boundaries across all time steps.
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