Brewing Stronger Features:
Dual-Teacher Distillation for Multispectral Earth Observation

Supplementary Material

A. Pretraining

In this section, we will expand on the pretraining method-
ology and details introduced in Section 3. We will first
provide more insight into our pretraining methodology, fol-
lowed by details on hyperparameters to aid in reproducibil-
ity.

A.1. Contrastive self-distillation

The full loss for the coding rate regularizer [21] described
in Section 3.1 can be formulated as:
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where z, z; represents the covariance matrix, and log det is
calculated using the Cholesky expansion, i.e.,

p
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Here, L;; are diagonal elements of the matrix L that satis-
fies the Cholesky decomposition A = LLT. B represents
the batch size, while N is the number of used GPUs. p
is the dimension of the features z after projection (256 for
MS learning). Since Lcr is calculated only on the global
student and teacher views, V' = 2. Finally, ¢ is a small con-
stant used for balancing, here 0.05. The first factor p;]éVBB
is a heuristic to balance the loss and can be adjusted accord-
ingly.

Locality degrades in the contrastive-only baseline be-
cause DINO-style objectives emphasize global invariances
without preserving local structure. Patch-token reconstruc-
tion (as in DINOv3) could address this, but it lacks one of
DEQ’s key benefits: distillation of semantic priors from a
general VEM. In addition, DEO implicitly restores local-
ity through patch-token distillation, without the complexity
of DINOvV3’s reconstruction pipeline, thereby providing a
more complete and efficient solution.

A.2. Hyperparameters

In Table | we provide details about the hyperparameters
used during pretraining. In Table 2 we provide details about
the sizes of network elements.

A.3. Distillation training data

DINOvV2 [12] introduces an automatic data curation
pipeline to build a diverse dataset consisting of 142 million

Parameter Value
n 2
m 10
(651 1
(%) 0.5
(6%} 0.5
¥ 1
EMA 0.996
Cos scheduler WD 0.04
Base LR 0.0005
Warmup epochs 10

Table 1. Details of pretraining hyperparameters.

Element Value
Swin

Input patch size 4
Embedding dim. 128
Windows size 12
Projection head

Hidden dim. 2048
Bottleneck dim. (MS) 256

Bottleneck dim. (Optical) 1024

Table 2. Network element sizes.

images. It emphasizes curation, deduplication, and filtering
to remove near-duplicates, low-quality content, and domain
biases.

DINOV3 [17] builds upon the previous work of automatic
data curation introduced in DINOvV2, by introducing the
larger LVD-1689M dataset. It is a large, web-curated
dataset containing 1.689 billion images and providing a bal-
anced representation of data available on the internet.
RADIOV2.5 [7] was not trained on any particular dataset,
but is trained using agglomerative multi-teacher distillation.
It distills from DINOv2 [12], CLIP [13], and SAM [9],
combining their features and thereby distilling the datasets
they were originally trained on.

B. Evaluation

In this section, we provide additional details on the datasets
used for evaluation, along with a more detailed description
of our evaluation methodology.



Segmentation

GEO-Bench [10] In paper Image Size #Classes Train Val  Test #Bands RGB res Sensors
m-pv4ger-seg GB-pv 320%x320 2 3000 403 403 3 0.1 RGB
m-chesapeake-landcover GB-chesa.  256x256 7 3000 1000 1000 4 1.0 RGBN
m-cashew-plantation GB-cas. 256x256 7 1350 400 50 13 10.0 Sentinel-2
m-SA-crop-type GB-SA-c.  256x256 10 3000 1000 1000 13 10.0 Sentinel-2
m-nz-cattle GB-cattle 500x500 2 524 66 65 3 0.1 RGB
Others
SpaceNetvl [18] SN 224 x224 2 5000 1000 1000 3 0.5 DigitalGlobe WorldView 2
SenlFloods11 [2] S1F11 512x512 3 252 89 90 13 10.0 Sentinel-2
PASTIS [6] PASTIS 128128 20 1455 482 496 10 10.0 Sentinel-2
Table 3. Details for segmentation datasets used in the paper for evaluation.
Classification
GEO-Bench [10] Inpaper Image Size # Classes Train  Val Test #Bands RGB res Sensors
m-bigearthnet GB-ben 120x 120 43 20000 1000 1000 12 10.0 Sentinel-2
m-so2sat GB-s2s 32x32 17 19992 986 986 18 1.0 Sen.-2 + Sen.-1
m-eurosat GB-es 64 %64 10 2000 1000 1000 13 10.0 Sentinel-2
Table 4. Details for classification datasets used in the paper for evaluation.
Change detection
GEO-Bench [10] In paper Image Size #Classes Train Val  Test #Bands RGB res Sensors
LEVIR-CD [3] LEVIR 256 %256 2 7120 1024 2048 3 0.5 Google Earth satellite
OSCD [4] OSCD 96x96 2 827 - 385 10 10.0 Sentinel 2
Table 5. Details for change detection datasets used in the paper for evaluation.
B.1. Datasets spectively. UPerNet details are provided in Table 6.

Semantic segmentation. For semantic segmentation, we
use a mixture of established benchmarks in the form of
GEO-Bench [10] and standalone datasets. Details are pro-
vided in Table 3.

Classification. We use three multispectral classifica-
tion datasets from the GEO-Bench [10] benchmark. m-
bigearthnet is a multi-label classification task, while m-
so2sat and m-eurosat are single-label classification tasks.
We provide details in Table 4.

Change detection. We use the optical LEVIR [3] and mul-
tispectral OCSD [4] change detection datasets. Details are
provided in Table 5.

B.2. Evaluation details

For all experiments, we use a batch size of 64 and fine-tune
for 50 epochs using a learning rate. We provide other details
in the following section.

Semantic segmentation. For all methods, we fine-tune an
UPerNet [22] segmentation head on top of a frozen back-
bone. We extract features from four stages of the backbone:
for ViT-B backbones, these are stages 3, 5, 8, and 11; for
ViT-L, stages 7, 11, 15, and 23; and for Swin-based back-
bones, we take the four Swin stages before pooling. For ViT
backbones, the latest stage is downsampled, while the first
and second stages are upsampled four times and 2 times, re-

Classification. We extract the last layer features from a
frozen backbone and train a simple linear layer on top of
them. For ViT backbones, we extract the last-layer class to-
ken; for Swin backbones, we pool the last-layer features to
simulate a class token.

Change detection. For all evaluated methods, we first per-
form backbone feature fusion of a pair of images using a
simple element-wise subtraction. We then pass them to a
UPerNet [22], except for ViT-based methods, where we use
the UNet [16] decoder, as it performs better. Following re-
lated work [15, 19], we also train the backbone for change
detection. We extract features from four stages for all mod-
els: for ViT-B backbones, stages 3, 5, 7, and 11; for ViT-L,
stages 7, 11, 15, and 23; and for Swin-based backbones, the
four Swin stages before pooling. UPerNet details are pro-
vided in Table 6, and for UNet, we use the same setup as
in [15].

Parameter Value
Pool scales 1,2,3,6
Hidden size 512

Table 6. Details of the UPerNet segmentation head.



C. Method details

We implement each evaluated method using its official

repository. We use consistent learning rates per method,

except for SatDiFuser [8], for which we use the provided

learning rates. Learning rates are presented in Table 7. Of-

ficial repositories of evaluated methods are listed in the fol-

lowing:

e DINOV2 [12]: https://github.com/facebookresearch/dinov2

* DINOv3 [17]: https://github.com/facebookresearch/dinov3

e Scale-MAE [14]: https://github.com/bair-climate-
initiative/scale-mae

e GFM [11]: https://github.com/mmendiet/GFM

» SatDiFuser [8]: https://github.com/yurujaja/SatDiFuser

* CROMA [5]: https://github.com/antofuller/CROMA/tree/main

e TerraFM [1]: https://github.com/mbzuai-
oryx/TerraFM/blob/master/terrafm.py

» Copernicus-FM [20]: https://github.com/zhu-
xlab/Copernicus-FM
LR

Dataset Other methods ~ SatDiFuser
m-pvé4ger-seg 1074 1072
m-chesapeake-landcover 10~* 1072
m-cashew-plantation 1072 1072
m-SA-crop-type 10~* 1072
m-nz-cattle 1074 1073
SpaceNetv1 1074 1072
Sen1Floods11 10-* 1072
PASTIS 107* 1072
m-bigearthnet 1073 102
m-so2sat 1073 1074
m-eurosat 1072 1072
LEVIR-CD 10~* 10-*
0SCD 104 104

Table 7. Learning rates for datasets and methods.

D. Additional experiments

In this section, we provide additional experiments to sup-
port and ablate various claims from the paper.

D.1. Latent space alignment

We conduct a quantitative Central Kernel Alignment anal-
ysis to provide additional support for the superior latent-
space alignment of our method with DINOv3 compared to
MIM-based methods. On optical inputs, DEO aligns more
closely with DINOv3 than Copernicus-FM (0.65 vs. 0.49),
supporting our claim that objective-level compatibility with
contrastive self-distillation enables effective optical knowl-
edge transfer. On MS inputs, alignment with DINOV3 is
lower (0.15 vs. 0.50), reflecting the intended integration of
additional spectral information beyond RGB. This behavior

is consistent with the use of the CR loss, which promotes
integration of MS information and improves MS perfor-
mance. Replacing DEO’s contrastive objective with MIM
(all else fixed) reduces both alignment and downstream per-
formance (Table 8).

D.2. Coding rate experiments

We perform experiments without the CR loss (Table 8). The
loss is applied to the MS branch; therefore, its omission
significantly reduces MS performance. Total collapse is still
avoided because the VFM teacher serves as an additional
regularizer.

D.3. Coding rate experiments

The pretraining experiments with artificial shift (Table 8)
show that our model is robust to misalignment.

D.4. ViT model

We train a ViT-S (patch size 8) with a parameter count com-
parable to Swin-T. Its performance is slightly lower than
the Swin model (Table 8), mainly due to a few challenging
datasets (GB-chesa., GB-cas.).

Size Model Optical ~ MS  Overall
Laree DEO (contrast.) 8198 5745 69.72
dg ', DEO (MIM) 78.18 5639  67.28
MOe  DEO (no CR) 82.02 5447 6825
Gngy DEO(SwinT) 7988 5545  67.67
s DEO(VIT-Sp8) 7662 5209  64.35
DEO (shift) 79.86 5556  67.71

Table 8. Additional experiments.

E. Compute and carbon footprint

We provide the compute report and estimated pretraining
emissions using carbontracker in Table 9. DEQ’s inference
performance is comparable to DINOv3-B, which has a sim-
ilar parameter count. Patch size 4 in our Swin-based DEO
yields only a small increase in compute due to windowed
attention, whereas a ViT with a reduced patch size shows a
larger increase.

Model img/s Mem. [MB] TFLOPS kgCO2eq
DEO (Swin-B) 5917 5272 10475 345
DINOv3-B 9.80 5595 9823 18000
DEO (ViT-Sp8) 243 18152 31302

Table 9. Inference experiments.

F. Additional qualitative

We provide additional qualitative results in Figures 1 to 4.
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Figure 1. Extended qualitative results for Sen1Floods11.
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Figure 2. Extended qualitative results for m-SA-crop-type.
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