RAMEN: Resolution-Adjustable Multimodal Encoder for Earth Observation

Supplementary Material

In the supplementary, we provide implementation de-
tails about RAMEN pretraining and evaluation (Sec. A),
additional analysis of RAMEN architecture and efficiency
(Sec. B), extended results on all downstream tasks in PAN-
GAEA benchmark (Sec. C) and qualitative examples of RA-
MEN representations at various GSDy4¢t (Sec. D).

A. Implementation details

A.1. RAMEN architecture

RAMEN follows the Vision Transformer architecture [2]
and has 98.5M learnable parameters, all shared across sen-
sors except for the channel-conditioned projectors separated
across three modality types (Optical, radar and DEM):

¢ Channel-conditioned projectors (3 x 2.4) parame-
ters). Each channel-conditioned projector consists of a
MLP processing channel-conditioned encodings to pro-
duce a channel-wise projection matrix;

 Spatial resampler (2.5 parameters). Composed of
4 1 x 1 convolution experts. A MLP and softmax layer
process log scaled interpolation ratio encoding to produce
normalized weights {w,, }%_,;

¢ Temporal encoder (3.7)M parameters). A lightweight
temporal attention encoder (LTAE) [5] processes time-
series inputs. Sinusoidal encoding based on day of ac-
quisition is added to each timestep before temporal ag-
gregation;

* Encoder blocks (85.1M parameters). We follow the
standard ViT-Base architecture composed of 12 self-
attention blocks with 12 heads. The embedding dimen-
sion D is set to 768.

Decoder blocks and reconstruction (33.0M parameters).
We follow the MAE [7] framework for the decoder archi-
tecture. In details, the decoder has an embedding dimen-
sion of 512 and is composed of 8 self-attention blocks with
16 heads. Resolution-adjustable reconstruction modules are
similar to their corresponding projection ones, except for
the temporal reconstruction composed of one self-attention
block processing feature map expanded and enriched with
day-of-acquisition encoding independently.

GSD-based positional encoding. To ensure coherent pro-
cessing across arbitrary target resolutions, RAMEN incor-
porates GSD-based positional encodings following Scale-
MAE [16]. These encodings embed the target GSD directly

into the sinusoidal positional functions as:
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where G is a reference length set to one.

This formulation is essential for our resolution-
adjustable behavior: while RAMEN can ingest any num-
ber of tokens depending on GSDy4get, the positional en-
coding ties the representation to a consistent physical scale
across coarse and fine resolutions. This enables the encoder
to maintain spatial coherence and interpret feature maps in
a resolution-aware manner.

A.2. RAMEN pretraining corpus

RAMEN pretraining data covers a wide range of heteroge-
neous EO modalities, incorporating diverse modal, spatial
and temporal resolutions. See Tab. A for more details on
RAMEN pretraining corpus characteristics.

A.3. PANGAEA evaluation protocol

For all downstream tasks, we follow the standardized PAN-
GAEA [12] evaluation protocol. In details, the pretrained
encoder is frozen while a UPerNet [19] decoder is fine-
tuned for 80 epochs. On all tasks, AdamW optimizer is
used with a base learning rate of le — 4, weight decay of
0.05 and batch size of 8. The learning rate is decayed 10x
after 60% and 90% of the total steps. On multi-temporal
tasks, non-temporal models and RAMEN - Late fusion pro-
cess each timestep independently before aggregation with a
lightweight temporal attention encoder (LTAE) [5].

To process large input tiles, random cropping is applied
during training to match the encoder expected input size.
For evaluation, a sliding window inference strategy is em-
ployed, dividing the image in evenly distributed smaller
crops. While RAMEN can natively handle any input size,
we restricted input size on large tiles and high resolutions
experiments to match memory and time-processing con-
straints. Extensive results for diverse input size and res-
olutions can be found in Sec. C. We refer the readers to
PANGAEA [12] for detailed informations on the evaluation
protocol.

A.4. GFLOPs and inference time calculation

We use the fvcore [17] library to compute GFLOPs esti-
mation of processing one input tile for each dataset. We



Table A. RAMEN pretraining corpus. We combine three large-scale multimodal EO datasets covering diverse spectral, spatial and
temporal resolutions. The image size is expressed in pixels for a square image. During pretraining, the target GSD is randomly sampled

from a dataset-specific range.

Dataset Spatial extent Num tiles Modality Image size Bands Time-series GSD (m) Target GSD range (interval) Batch size (pretraining)
Aerial VHR 512 4 0.2
) ) S2 10 10 v 10
FLAIR-HUB [4] 2528 km 241 100 s1 10 ) Y 10 3-20m (Im) 64
DEM 512 2 0.2
9 SPOT6 263 4 1.5
WorldStrat [1] 9 820 km’ 62 848 © 3 b / o 5-20m (Im) 32
S2 64 13 10
MMEarth64 [13] 460 800 km? 720 000 S1 64 8 10 20 - 100m (10m) 512
DEM 64 2 10
Table B. Unseen sensor performances. We report the mloU and Expert Weights vs Interpolation ratio (Log Scale)
rank (across all PANGAEA models) on three tasks using sensors 0.50 { — Weight 0
unseen during pretraining. RAMEN achieves the highest aver-  wens
age mloU and rank, highlighting the robustness of its modality- 0451 — weight 3
agnostic design and its ability to transfer to new sensor configura- 0.40 1
tions. !
2 0.35
2
mloU (Rank) é |
Model BurnSr DEN SN7 ‘ Avg. mloU (Rank) go30
CROMA 8242 (5) 3829 (4) 59.28(9) 60.00 (6.00) 0.25
DOFA 80.63 (12) 39.29(3) 61.84 (4) 60.59 (6.33)
Terramindvl-B | 82.42(5) 37.87(6) 60.61 (6) 60.30 (5.66) 0.20
Terramindvl-L | 82.93(4) 37.89(5) 59.98(8) 60.27 (5.66)
0.15 1
RAMEN | 85.02(1) 39.85(1) 6031(7) | 61.73(3.00) 10-2 10-1 100 10!

include for these estimations the processing time of the en-
coder and UPerNet decoder. Because of PANGAEA slid-
ing window inference strategy, we multiply GFLOPs ob-
tained for one crop by the number of cropped inputs neces-
sary to produce the final segmentation map. Average infer-
ence time per tile is computed over 10 steps. All results of
GFLOPs and inference time per task for model, input size
and GSDy4¢¢ are reported in Sec. C.

B. Additional analysis

B.1. Generalization to unseen sensors

Tab. B reports performance on three tasks featuring sensors
unseen during pretraining. RAMEN achieves the highest
average mloU and rank across the benchmark, notably out-
performing all other foundation models on BurnScars and
DynamicEarthNet, two tasks exhibiting widely different
sensor configurations (HLS - 6 multispectral channels/30m
GSD and PlanetFusion - RGB-NIR/3m GSD respectively).

These results validate the sensor-agnostic design of RA-
MEN. The channel-conditioned projector adapts to per-
channel characteristics, while our resolution-adjustable
framework provides a consistent interface across modalities
and spatial scales. As aresult, RAMEN transfers effectively
to new sensors without requiring sensor-specific pretraining

Interpolation ratio (log scale)

Figure A. Specialization of the convolutional experts across
interpolation ratios. We plot the normalized weights of the
four convolutional experts as a function of the interpolation ra-
tio GSDy, /GSDyarget.

or architectural adaptation, demonstrating strong robustness
on heterogeneous EO data.

B.2. Spatial resampling analysis

In standard Vision Transformer architectures, input images
are divided into fixed-size patches using strided convolu-
tions (e.g., 16 x 16 convolution with stride 16). However,
this method does not let us explicitly control the resolution
of the resulting feature map, nor does it allow the model
to understand the ground sampling distance associated with
each pixel.

Our spatial resampling module takes a different approach
through a two-stage process. First, bilinear interpolation
geometrically aligns features to the target GSD, establish-
ing consistent spatial structure across heterogeneous inputs.
This interpolation handles all spatial resampling. Second, a
mixture of 1 x 1 convolutional experts refines the interpo-
lated features through scale-specific transformations. The
use of 1 x 1 kernels for our convolution experts is central to
our design philosophy: they operate independently on each



Table C. Effects of adjustable resampling. We report the valida-
tion mloU for coarse to fine GSD¢arget-

Task GSD,;,  GSDyarget ‘ Naive False encoding  Adjustable

1920 75.88 76.42 77.14

960 79.70 81.87 82.45

HLS BumScars 30 480 83.98 86.31 87.07
300 86.51 87.64 88.44

80 29.42 32.92 32.97

Pastis (S2) 10 40 32.22 37.85 38.02
20 37.35 40.66 40.99

spatial location, adjusting channel statistics without intro-
ducing any spatial dependencies. After interpolation has
established the spatial structure, the experts focus purely
on feature-space refinement and adapting channel responses
based on the interpolation ratio.

Expert specialization across interpolation scales. Fig. A
reveals how the four convolutional experts specialize across
different interpolation ratios GSD,,, /GSD;qrgc:. While the
weights vary smoothly with the scale factor, we note some
clear specialization patterns:

e Expert 1 handle upsampling regimes. When
GSD,,,/GSDygrget > 1 (i.e., when RAMEN increases
spatial resolution), Expert 1 consistently receives the
highest weight. This indicates a learned specialization for
refining interpolated coarse inputs;

* Balanced mixture near identity and weak downsam-
pling. Around GSD,,,/GSD,4ger ~ 1 down to 0.1, the
weights of the experts remain relatively even. In this
regime, the model appears to rely on a mixture of all
transformations rather than favoring any single convolu-
tion;

¢ Expert 3 dominates under strong downsampling. For
heavy downsampling ratios (up to 10e — 2), the weights
gradually shift toward another layer (Expert 3), while Ex-
pert 0 become less prominent. This suggests that certain
transformations are more suitable when the input has been
heavily compressed and requires coarser adjustments.

Additional ablations on adjustable resampling. Tab. C
reports adjustable resampling effect compared with n aive
and false encoding strategy on two additional tasks, with an
average gain of 0.48 mlIoU across the three evaluated tasks,
demonstrating the added benefit of our scale-conditioned
refinement of interpolated features.

B.3. Pretraining efficiency

RAMEN was pretrained for 100 epochs in approximately
50 hours on a cluster of 16 H100 GPUs cluster, correspond-
ing to ~ 800 GPU-hours. This represents a considerably
lower computational budget than that reported by other EO
foundation models. Notably, TerraMind [9] reports a pre-
training cost of about 6 days on 32 A100s GPUs for its Base
version (= 4608 GPU-hours) and over 10 days for its Large

configuration (= 7680 GPU-hours).

C. Detailed results

We present in this section extended results across various
GSDy4rget on all downstream tasks. Fig. B illustrates the
compute/performance trade-off on the eight downstream
tasks considered.

C.1. HLS BurnScars (BurnSr)

HLS BurnScars [8] is a post-fire burn scar segmentation
task using Harmonized Landsat-Sentinel (HLS) imagery. It
contains 804 tiles of size 512 x 512 at GSD = 30m, with
six multispectral bands (RGB-NIR-SWIR1-SWIR2).

Tab. D presents the obtained results, GFLOPs estimation
and inference time per tile across various GSDygget-

C.2. MADOS

Marine Debris and Oil Spill (MADOS) [10] is a marine pol-
lutants segmentation task using Sentinel-2 data. It contains
2803 tiles of size 240 x 240 at GSD = 10m,with eleven
multispectral bands.

Tab. E presents the obtained results, GFLOPs estimation
and inference time per tile across various GSDygrget-

C.3. Pastis

Pastis [6] is a semantic segmentation task of agricul-
tural parcels using multi-temporal Sentinel-2 and Sentinel-1
data. It contains 2433 tiles of size 128 x 128 at GSD =
10m, with ten multispectral bands and two polarizations
(VV/VH) respectively. Following PANGAEA benchmark
setup, 6 evenly distributed over time captures are selected.

Tab. F and Tab. G detail the obtained results, GFLOPs
estimation and inference time per tile across various
GSDy4rget using RAMEN temporal encoder and Late LTAE
fusion respectively.

C.4. Senl1Floods11 (Senl1FI11)

SenlFloods11 [15] is a global flood mapping segmentation
task using Sentinel-2 and Sentinel-1 data. It contains 4831
tiles of size 512x 512 at GSD = 10m, with 13 multispectral
bands and two polarizations (VV/VH) respectively.

Tab. H presents the obtained results, GFLOPs estimation
and inference time per tile across various GSDygrget-

C.5. DynamicEarthNet (DYN)

DynamicEarthNet [18] is a semantic segmentation task us-
ing multi-temporal at daily observations PlanetFusion data.
It spans 75 areas of interest of size 1024 x 1024 at GSD =
3m, with RGB-NIR bands. Following PANGAEA bench-
mark setup, the 6 first captures of every month are selected.

Tab. I and Tab. J detail the obtained results, GFLOPs esti-
mation and inference time per tile across various GSDyqrget
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Figure B. Compute/performance trade-off across eight downstream tasks. We plot mloU versus

average GFLOPs per test tile for

RAMEN at various target spatial resolutions compared to fixed-resolution foundation models.

using RAMEN temporal encoder and Late LTAE fusion re-
spectively.

C.6. CropTypeMapping - South Sudan (CTM-SS)

CropTypeMapping - South Sudan [11] is a semantic seg-
mentation task of agricultural parcels in underrepresented
regions using multi-temporal Sentinel-2 and Sentinel-1
data. It contains 837 tiles of size 64 x 64 at GSD
10m, with ten multispectral bands and two polarizations
(VV/VH) respectively.

Tab. K and Tab. L detail the obtained results, GFLOPs
estimation and inference time per tile across various
GSDy¢qrget using RAMEN temporal encoder and Late LTAE
fusion respectively.

C.7. SpaceNet 7 (SN7)

SpaceNet 7 [3] is a urban semantic segmentation task using
PlanetScope data. It contains 15973 tiles of size 256 x 256
at GSD = 3m, with RGB-NIR bands.

Tab. M presents the obtained results, GFLOPs estimation
and inference time per tile across various GSDygrget-

C.8. Al4SmallFarms (AI4Farms)

Al4SmallFarms [14] is an agricultural delineation semantic
segmentation task using Sentinel-2 data. It contains 62 tiles
of size 496 x 496 at GSD = 10m, with RGB-NIR bands.
As no validation set is given in PANGAEA benchmark, we
computed test scores on the last checkpoint (epoch 80) after
training.

Tab. N presents the obtained results, GFLOPs estimation
and inference time per tile across various GSDygrget-

D. Qualitative results

We present in Fig. C a set of qualitative examples of the
predicted segmentation maps at various GSDy4ygc Values
across four downstream tasks. These results showcase
how increasing spatial resolution enables RAMEN to pro-
duce fine-grained representations on pixel-level segmenta-
tion tasks (e.g. Al4SmallFarms).



Table D. HLS BurnScars (BurnSr) performances. We report validation and test mloU, along with GFLOPs and inference time per tile
for RAMEN evaluated at different GSD¢qrget-

Model Img size GSD,, Inputsize GSDiarget ‘ val mloU test mloU GFLOPs Inference time/tile (ms)
1920 77.14 74.85 21.41 6.87
960 82.45 80.50 81.67 7.96
480 87.07 83.64 322.68 14.75
RAMEN 512 30 512 360 87.54 84.61 554.91 21.13
300 88.44 85.02 817.25 30.31
240 88.30 84.90 1286.74 51.84
180 88.09 85.45 2268.13 112.67
DOFA 80.63 554.51 29.38
TerraMind-B 82.42 560.12 27.37
TerraMind-L 82.93 980.06 53.41

Table E. MADOS performances. We report validation and test mloU, along with GFLOPs and inference time per tile for RAMEN
evaluated at different GSDyqarget.

Model Img size GSD,, Inputsize GSDiarget ‘ val mloU testmloU GFLOPs Inference time/tile (ms)
240 160 46.59 40.18 71.16 7.13
80 57.09 57.64 283.15 13.38
RAMEN 240 10 120 40 ‘ 67.05 59.65 1131.15 37.02
60 20 76.27 68.92 4523.13 139.95
10 78.07 69.72 18084.79 600.00
DOFA 59.58 247.83 13.67
TerraMind-B 69.52 249.04 12.83
TerraMind-L 75.57 435.68 24.44

Table F. Pastis with RAMEN temporal encoder performances. We report validation and test mloU, along with GFLOPs and inference
time per tile for RAMEN evaluated at different GSDy4rget.

Model Modality Imgsize GSD,, Inputsize GSDiarget ‘ val mloU testmloU GFLOPs Inference time/tile (ms)
128 80 24.07 23.58 86.26 10.30
S2 128 10 40 26.51 25.93 342.38 17.35
RAMEN 64 20 ‘ 23.46 23.14 1367.25 52.78
$2451 128 o 128 40 ‘ 28.88 28.27 504.89 29.38
64 20 ‘ 29.62 28.07 2016.87 96.98
DOFA 30.02 153.52 27.16
TerraMind-B 40.51 154.94 21.88
TerraMind-L 43.13 423.70 41.66




Table G. Pastis with late LTAE fusion performances. We report validation and test mloU, along with GFLOPs and inference time per
tile for RAMEN evaluated at different GSD¢qrget.

Model Modality Imgsize GSD,, Inputsize GSDiarget ‘ val mloU testmloU GFLOPs Inference time/tile (ms)
128 80 32.97 32.56 198.24 32.54
S2 128 10 40 38.02 36.41 788.66 63.30
RAMEN 64 20 40.99 39.11 3152.37 177.77
128 80 35.51 33.26 358.91 50.17
S2+S1 128 10 40 40.03 38.04 1430.76 112.62
64 20 ‘ 44.25 42.29 5720.32 371.49
DOFA 30.02 153.52 27.16
TerraMind-B 40.51 154.94 21.88
TerraMind-L 43.13 423.70 41.66

Table H. Sen1Floods11 performances. We report validation and test mloU, along with GFLOPs and inference time per tile for RAMEN
evaluated at different GSD;qarget-

Model Modality Imgsize GSD,, Inputsize GSDiarget ‘ val mloU test mloU  GFLOPs  Inference time/tile (ms)

512 160 ‘ 82.32 83.74 324.11 14.68

S 512 10 256 80 \ 86.09 87.13 1288.57 42.12

128 40 \ 88.70 88.99 5146.42 153.71

RAMEN 64 20 89.82 89.52  20577.85 609.96

64 10 89.96 91.26 82277.51 2850.12

256 80 \ 86.43 86.61 1858.47 76.08

S2+S1 512 10 128 40 \ 88.94 88.94 7424.81 280.00

64 20 90.45 90.41 29690.20 1119.95

64 10 91.20 91.03 118721.00 7539.63

DOFA 89.37 559.72 29.92
TerraMind-B 90.62 729.93 37.11
TerraMind-L 90.78 1565.03 85.63

Table I. DynamicEarthNet with RAMEN temporal encoder performances. We report validation and test mIoU, along with GFLOPs
and inference time per tile for RAMEN evaluated at different GSD;qrget.

Model Imgsize GSD,, Inputsize GSDiarget ‘ val mloU test mloU GFLOPs Inference time/tile (ms)
512 96 28.21 32.26 361.18 35.46
RAMEN 1004 3 48 29.72 33.52 1385.32 72.75
756 24 31.08 31.23 5483.24 216.42
12 31.71 33.16 21869.41 870.45
DOFA 39.29 3760.22 230.98
TerraMind-B 37.87 3873.00 205.79
TerraMind-L 37.89 10591.81 625.38




Table J. DynamicEarthNet with late LTAE fusion performances. We report validation and test mIoU, along with GFLOPs and inference
time per tile for RAMEN evaluated at different GSD¢qrget-

Model Img size GSD,, Inputsize GSDiarger | valmloU test mloU GFLOPs Inference time/tile (ms)
512 96 27.64 32.79 808.81 70.16
RAMEN 1024 3 48 30.84 35.78 3170.16 197.36
256 24 31.74 36.49 12622.58 658.30
12 32.19 39.85 50404.06 3658.17
DOFA 39.29 3760.22 230.98
TerraMind-B 37.87 3873.00 205.79
TerraMind-L 37.89 10591.81 625.38

Table K. CropTypeMapping- South Sudan with RAMEN temporal encoder performances. We report validation and test mloU, along
with GFLOPs and inference time per tile for RAMEN evaluated at different GSD;qrget.

Model Modality Image size GSD.,, Inputsize GSDiarget ‘ val mloU test mloU GFLOPS Inference time/tile (ms)
80 46.81 50.69 21.65 8.68
60 45.89 33.03 33.65 8.64
82 64 10 64 40 54.13 46.21 85.66 9.78
RAMEN 20 57.20 53.01 341.68 17.03
80 50.48 45.09 31.86 12.37
60 47.80 47.93 49.57 13.00
S2+51 64 10 64 40 47.25 51.92 126.31 14.98
20 51.00 44.82 504.08 28.77
DOFA 51.33 153.49 27.71
TerraMind-B 55.80 268.12 24.08
TerraMind-L 55.04 813.65 66.19

Table L. CropTypeMapping - South Sudan with late LTAE fusion performances. We report validation and test mloU, along with
GFLOPs and inference time per tile for RAMEN evaluated at different GSDy4rget-

Model Modality Imgsize GSD,, Inputsize GSDiarget ‘ val mloU testmloU GFLOPs Inference time/tile (ms)

80 47.26 49.57 50.05 24.58

60 46.71 39.92 77.73 26.37

52 64 10 64 40 53.85 46.31 197.64 31.59

RAMEN 20 56.95 53.85 787.96 61.81
80 58.19 52.83 90.26 31.83

60 59.92 50.53 140.50 34.93

52451 64 10 64 40 62.22 53.27 358.17 47.22
20 57.35 41.68 1429.94 109.66

DOFA 51.33 153.49 27.71
TerraMind-B 55.80 268.12 24.08
TerraMind-L 55.04 813.65 66.19




Table M. SpaceNet 7 performances. We report validation and test mloU, along with GFLOPs and inference time per tile for RAMEN
evaluated at different GSD;arget-

Model Img size GSD,, Inputsize GSD¢arget ‘ val mloU test mloU GFLOPs Inference time/tile (ms)
256 64 50.63 52.80 80.60 7.40
32 53.93 55.46 321.61 13.93
RAMEN 256 4 128 16 | 5869 5962 128597 41.42
64 8 | 59.48 60.31  5143.45 152.53
DOFA 61.84 245.67 13.75
TerraMind-B 60.61 248.94 1291
TerraMind-L 59.98 43547 24.42

Table N. AI4SmallFarms performances. We report only test mloU (no validation set provided), along with GFLOPs and inference time
per tile for RAMEN evaluated at different GSD¢qr-get.

Model Imgsize GSD,, Inputsize GSDiarget | test mloU  GFLOPs Inference time/tile (ms)

496 80 | 26.98 1207.16 48.39

24 4 . 4826. 168.77
RAMEN 196 0 8 0 | 3000 826.39 68

124 20 | 35.35 19303.31 658.78

64 10 | 38.78 77210.97 2617.79
DOFA 27.07 553.33 29.71
TerraMind-B 28.12 560.11 27.37
TerraMind-L 27.47 980.05 27.47
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Figure C. Illustrative prediction results across datasets. Segmentation maps produced at various coarse to fine GSD¢qrge:.
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