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Abstract =+ A2

We present a set of improvements to the OlmoEarth family. These improvements allow us to cut
compute costs during training (1.7X reduction in GPU hours required to train our Base models)
and inference (2.9%X reductions in MACs on Sentinel-2 tasks), while maintaining the models’ overall
performance. All training code is available at https://github.com/allenai/olmoearth_pretrain.

1 Introduction

OlmoEarth is a family of Earth observation foundation models, which obtains state-of-the-art results across a
range of tasks [3]. In this technical report, we discuss a number of changes which (1) reduce computational
costs at training and inference time while (2) maintaining (and in some cases improving) performance on
downstream tasks. We combine these changes into OlmoEarth v1.1 (throughout this report, we will refer to
the original OlmoEarth models - as described in Herzog et al. [3] - as “OlmoEarth v1”).

In Section 2, we describe the changes between the vl and v1.1 models.

In Section 3, we present the experimental results of OlmoEarth v1.1. In general we suggest using OlmoEarth
v1.1 as a drop-in replacement for OlmoEarth v1.

2 OlmoEarth v1.1

The OlmoEarth models (both v1 and v1.1) are encoder-decoder vision-transformer models trained via masked
image modelling. The models are trained on multimodal, multitemporal remote sensing inputs. During
training, part of the input is masked, and the model learns to reconstruct the masked part based on the
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Figure1 OlmoEarth (vl and v1.1) defines a Pareto frontier of performance vs. computational efficiency averaged
across 13 embedding tasks (measured by kNN and linear probing)l. The chart shows average Multiply-Accumulate
operations (MACs) to encode one example across all tasks (input size varies by task) - each line connects model sizes
within a family. OlmoEarth v1.1 Base requires 2.9x fewer MACs than OlmoEarth vl Base. See Table 1 for full results.

unmasked portion.

OlmoEarth v1.1 has the same architecture and training data as OlmoEarth v1. These are discussed in detail
in Sections 2.1 and 2.2 of Herzog et al. [3]. v1.1 differs from v1 in the following significant ways: (1) single
band sets per modality, (2) an updated masking function, and (3) an updated loss function. Smaller changes
are discussed in Section 2.5.

In the following sections, we begin by recapping OlmoEarth v1 before discussing each of the changes in detail.

2.1 Background: OlmoEarth v1

We train OlmoEarth v1 using “Latent Masked Image Modeling of Linear, Invariant Token Embeddings”
(LatentMIM Lite). In this setup, the raw data are transformed into tokens and the model is trained with a
contrastive loss in this token space.

To get the target tokens, we first patchify the raw data and then pass the patches through a frozen copy
of the encoder’s projection layer. As a result, the targets are just linear projections of the input patches
(hence “Linear, Invariant Token Embeddings”). In addition to the token-level contrastive loss, we also use an
instance-level contrastive loss. For each batch, we perform two forward passes with different masks applied.
We then mean-pool the tokens for each instance and apply an InfoNCE loss, where positives are two masked
views of the same instance and negatives are different instances.

We train OlmoEarth v1 on three satellite modalities and six derived maps:

Observations ‘ Maps

Sentinel-1 WorldCereal [12] OpenStreetMap [6]
Sentinel-2 WorldCover [16] Cropland Data Layer [11]
Landsat-8 SRTM [5] Canopy Height Map [8]

Observations are seen by the encoder, and can also be targets. Maps are only used as targets.

OlmoEarth v1.1 has an identical training dataset to v1, and follows the same basic formula for training.

"We rank models over all tasks every model can perform and average the ranks. Specifically these tasks are the Sentinel-2
versions of: m-bigearthnet, m-so2sat, m-brick-kiln, m-eurosat, BreizhCrops, CropHarvest-Togo, CropHarvest-PRC, m-cashewplant,
m-SA-crop-type, PASTIS, MADOS, AWF, Nandi.



2.2 Single bandsets per modality

OlmoEarth v1 splits Sentinel-2 and Landsat into “bandsets” - collections of bands which are tokenized together.
Bandsets group bands by resolution - for instance, the Sentinel-2 bands are split into 3 band sets for the 10m,
20m and 60m resolution bands. This means a Sentinel-2 input is tokenized into H, X W, X T' X 3 tokens,
where H,, and W, are the spatial patch grid dimensions, 7" is the number of timesteps, and 3 is the number of
bandsets. OlmoEarth v1.1 groups all bands in a modality into a single bandset, yielding 3X fewer tokens for a
Sentinel-2 input (H, X W, X T' X 1 tokens). Thisleads to a ~ 3x reductions in MACs required to encode our
evaluation inputs.

However, naively collapsing all bands into a single token can lead to significant performance reductions
in certain tasks: we observed the m-eurosat kNN score drop from ~94% to ~84% when consolidating the
3 Sentinel-2 bandsets into a single bandset (Table 3). We hypothesized that multiple bandsets facilitate
cross-band interaction through the transformer’s attention mechanism, i.e. tokens from different bandsets
attend to each other, enabling the model to learn diverse spectral features. With a single bandset, all bands
are collapsed into one token via the patch embedding, which cannot capture input-dependent cross-band
relationships. Recovering performance required the following two changes: (1) random band dropout, and (2)
a non-linear projection layer.

Random band dropout To encourage the model to learn cross-band relationships within each modality, we
introduced random band dropout. During training, each band is independently zeroed out with probability r
in the online encoder’s input, where 7 is uniformly sampled from [0, 7. = 0.2] per forward pass, while the
target encoder always sees the full set of bands. We apply random band dropout only to Sentinel-2 (12 bands)
and Landsat (11 bands), and exclude Sentinel-1 since it only has 2 bands. Since the training objective requires
the prediction to match the target encoder’s output computed from all bands, the model is forced to infer
missing band information from the remaining bands, yielding richer cross-band representations within each
token. This approach largely recovers the m-eurosat kNN performance to match the multi-bandset baseline.

A non-linear projection layer While random band dropout
recovered the performance of the frozen model (i.e. under a
kNN or linear probing regime), we observed extremely high
gradient norms during training. This impacted model sta-
bility during pretraining: several runs would experience an
increasing loss, and a degradation on our evaluation metrics.
In addition, finetuning performance of the models decreased;
we hypothesize that the high gradient norms made the mod-
els harder to finetune. Adding a nonlinear projection layer
resolved these gradient issues and improved finetuning per-
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ing pre-training with and without the nonlinear — f.. ~includes a ReLU nonlinearity). We then map these to
projection. We apply a log-scale to the y-axis. tokens, fy REXPXH _, 2P We use H = 64 for Base and
Tiny, and H = 12 for Nano. Figure 2 shows the significant
impact this has on gradient norms during pre-training. Xiao et al. [15] had previously investigated nonlinear
projections in ViTs, and found they improve optimization stability when training on natural images.

2.3 Anupdated masking function

OlmoEarth v1’s masking strategy works in two stages: first, random masking is applied on the whole input,
i.e., assigning tokens to either be seen by the encoder (unmasked) or used to construct target tokens (masked).
Second, bandset-level masking is applied - bandsets are selected to be in specific states (e.g. if a bandset is set
to be masked, all unmasked tokens would be ignored so that they would be omitted from the loss entirely). A



consequence of this is that tokens which might otherwise provide a learning signal would get set to “ignore”.
This issue is especially acute for the “target-only” modalities (maps, which are only ever used as targets).
Since we first apply random masking (masking ratio = 0.5) to maps and then suppress all the unmasked
tokens, we effectively remove 50% of all map tokens from the learning signal.

We make the following changes to the masking function:

e Allmapsused as targets. The mapping modalities are a form of supervision for the model - they provide
labels with which the model can be trained. To fully leverage these information-dense modalities, we set all
tokens in the map modalities as “unmasked”.

e Time masking. To encourage OlmoEarth to reason in time, we introduce temporal masking. Under this
setting, timesteps are either completely masked or unmasked. This pushes the model to learn to recover
observations at one timestep given observations at other timesteps. For each instance we choose time
masking with probability p; = 0.5, and random masking otherwise. We find that the model is not very
sensitive to the choice of p;, but that some masking helps (Figure 3).

Time masking builds on a number of prior works which find that “structured masking” — or masking which
takes into account the spatio-temporal nature of remote sensing data, especially along the temporal dimension
— can outperform or complement random masking [2, 7, 9, 10].

2.4 Anupdated loss function

OlmoEarth v1 is trained on a “Modality Patch Discrimination” loss. This loss modifies LatentMIM’s Patch
Discrimination loss [13] by only contrasting targets from the same modality. The purpose of this modification

is to remove easy negatives, since the model can trivially separate different modalities.
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Model Metric p#F1 Acc. Ace. Acc. Ace. Acc. Acc. Ace. Ace. Ace. Ace. Ace. mIOU mIOU mIOU mIOU mIOU mIOU | Acc. Acc. Acc. Acc. Acc.  Acc,
Anysat ViT Base 54.5 36.5 845 340 804 627 570 741 723 69.6 784 745 246 27.2 24.2 41.9 41.3 77.8 | 60.0 60.0 640 474 20.5 558
Clay ViT Large | 488 387 90.8 40.3 86.3 57.0 56.7 665 63.4 784 67.0 673 308 231 199 226 475 789 |59.5 615 56.5 522 234 57.0
CopernicusFM  ViT Base 64.6 50.3 85.9 - 84.7 65.5 551 728 744 775 758 706 322 28.4 15.9 32.1 63.9 77.6 - 59.0  67.0 - 244 59.8
CROMA ViT Base 61.3 51.3 92.0 - 84.6 69.0 56.8 743 751 768 80.7 765 249 30.3 26.3 44.7 60.4 78.8 - 67.5 79.0 - 246 682
CROMA ViT Large | 59.2 482 91.7 - 85.8 682 562 727 T71.0 794 765 81.0 27.0 30.4 25.9 42.7 66.4 78.8 - 62.5 T71.0 - 26.1 682
DINOv3 ViT Base 51.0 471 913 433 86.6 313 - 64.5 - - 67.0 - 23.5 26.7 - 18.1 53.5 - 48.5 - 61.0 42.5 - 54.1
DINOv3 ViT Large | 55.8 45.3 89.9 46.0 84.0 31.3 - 66.1 - - 68.3 - 24.5 26.1 - 17.4 52.4 - 43.5 - 60.5 39.9 - 49.8
DINOv3 ViT Huge | 57.0 45.7 882 469 86.1 31.3 - 68.7 - - 68.3 - 25.1 26.7 - 174 48.1 - 47.5 - 54.0 435 - 55.4
DINOv3 ViT 7B 60.8 46.6 91.3 48.0 852 313 - 687 - - 709 - 34.3 279 - 211 522 - 475 - 570 447 - 56.7
DINOv3 Sat ViT Large | 60.2 44.0 91.4 442 89.2 313 - 70.1 - - 68.6 - 32.4 28.5 - 22.5 57.5 - 42.5 - 69.5 35.5 - 48.4
DINOv3 Sat ViT 7B 61.6 50.1 91.4 47.0 91.3 313 - 72.2 - - 71.9 - 54.1 317 - 26.3 59.7 - 49.5 - 68.5 31.8 - 42.5
Galileo ViT Nano 55.0 53.7 90.9 - 89.4 66.3 609 744 724 752 703 781 212 19.5 19.2 19.1 53.1 78.6 - 65.5 67.5 - 244 64.2
Galileo ViT Tiny 55.8 53.1 87.5 - 89.1 66.7 55.7 80.3 79.3 69.9 788 77.1 23.6 21.5 23.4 27.7 61.1 78.6 - 65.5 71.0 - 25.0 66.7
Galileo ViT Base 58.3 55.7 91.1 - 92.8 69.7 60.9 819 793 673 80.1 775 289 25.3 28.0 39.6 68.4 79.4 - 66.5 72.5 - 26.8 67.3
Panopticon ViT Base 649 60.5 929 523 952 57.7 559 759 756 722 729 765 327 27.3 23.7 30.2 66.1 78.0 | 66.0 65.0 T71.5 60.4 229 65.2
Presto ViT Nano - - - - - 60.9 593 743 766 784 814 725 - - 16.3 28.2 - - - 60.5 53.5 - 25.2  57.6
Prithvi v2 ViT Large | 51.6 34.7 89.7 379 822 66.2 - 67.6 - - 71.9 - 46.8 24.7 - 37.2 50.9 - 57.1 - 49.0 57, - 52.8
Prithvi v2 ViT Huge 51.0 340 90.1 414 812 66.1 - 69.5 - - 69.9 - 45.8 26.6 - 37.5 52.2 - 59.0 - 55.0 57 - 55.9
Satlas Swin Base | 52.3 44.5 83.0 36.9 822 646 574 713 - 76.8 75.8 - 30.6 24.0 10.5 14.4 30.2 72,9 | 575 52.0 620 615 251 60.2
TerraMind ViT Base 63.9 46.7 919 - 85.6 66.4 57.0 751 756 742 748 775 46.0 30.4 22,7 40.9 66.0 78.7 - 66.0 69.5 - 24.7  64.2
TerraMind ViT Large | 63.9 474 922 - 90.0 68.2 56.2 747 720 752 778 752 504 31.2 22.3 41.3 67.5 78.4 - 62.0 67.0 23.3 653
TESSERA - - - - - - - - 72.2 - - 81.0 - - - - - - - - - - - -
OlmoEarth vl ViT Nano 59.5 543 96.2 388 89.9 64.1 580 795 743 735 817 837 255 23.6 181 35.0 55.2 78.2 73.0 615 69.5 57.7 24.8 674
OlmoEarth vl ViT Tiny 59.4 61.8 92.0 40,5 91.6 640 583 78.6 803 758 856 824 247 23.2 21.4 40.1 58.6 785 | 75.5 640 76.0 60.7 247 69.0
OlmoEarth vl ViT Base 624 67.7 933 41.9 947 709 56.8 734 754 801 873 820 323 289 29.7 50.6 67.2 79.2 | 77.0 685 77.5 67.9 265 74.7
OlmoEarth vl VIT Large | 62.0 682 934 416 96.3 70.7 566 741 761 67.6 781 79.7 309 285 306 518 664 79.8 | 76.0 665 73.0 664 262 73.6
OlmoEarth v1.1 ViT Nano 59.6 54.6 91.2 400 8.8 675 580 77.5 757 758 81.6 814 264 214 21.6 35.4 59.3 78.6 | 71.0 640 71.0 65.1 26.5 70.4
OlmoEarth v1.1 ViT Tiny 614 61.2 925 385 896 689 601 795 77.7 742 826 81.0 24.9 24.9 25.2 45.3 61.4 78.8 72 60.0 740 664 241 68
OlmoEarth v1.1 ViT Base 63.7 62.3 944 421 923 73.4 578 775 722 709 794 79.1 269 30.8 31.3 53.1 685 79.7 | 745 655 735 709 29.9 745

Table 1 kNN/Linear probe results on research benchmarks and real-world tasks from our partners. We run kNN
on single time-step classification tasks and linear probing on all other tasks. We sweep across data normalization
strategies, feature pooling, and learning rate (for linear probing) and report the test set result for the best validation set
performance. Not all models can run on all tasks due to incompatible input modalities. We highlight which same-sized
models win between v1 and v1.1.



Just as easy negatives can be a problem, extremely difficult negatives can also be problematic (a phenomenon
previously investigated by Wu et al. [14] and Huynh et al. [4]). For example, some tokens may be labeled
entirely as water by WorldCover; it will be impossible for the model to distinguish between such tokens. We
therefore remove extremely difficult negatives from the loss as well. We do this by comparing the cosine
similarity of the target tokens; for each target token, any negative tokens with a cosine similarity of = 0.999
to the target are discarded.

We only apply this thresholding to decode-only modalities. We do this because the encode-decode modalities
(Sentinel-1, Sentinel-2, Landsat) are less likely to have tokens with similarities above this threshold (at
patch-size 8, 0.50 % of Sentinel-2 tokens have similarity = 0.999 and across all patch sizes, 1.10% of Sentinel-2
tokens have similarity = 0.999). For the encode-decode modalities, we therefore avoid running the similarity
comparison for efficiency during training.

2.5 Additional Changes

The single-bandset v1.1 models are less memory intensive than the vl models. This allowed us to increase
the micro-batch size to 64 (from 32), so that the instance-contrastive loss is now applied over 64 instances.
We empirically find that reducing the weight on the instance contrastive loss from 0.1 to 0.05 improves
performance.

In addition, we change our patch embedding from a convolution to a linear embedding. This linear layer
increases throughput while being mathematically equivalent to the convolutional layer; we discuss this in
more detail in Appendix A.

3 Experiments & Results

Aside from the modifications described above, we train OlmoEarth v1.1 identically to OlmoEarth v1. This
training process is described in Section 3.1 of Herzog et al. [3]. To recap: we train OlmoEarth v1.1 using an
AdamW optimizer with a batch size of 512 for 667,200 steps. We use a linear warmup of 8,000 steps and
then apply a cosine annealing learning rate for the remainder of training.

We evaluate OlmoEarth v1.1 using the same suite of tests as for OlmoEarth v1l. The OlmoEarth v1 evaluations
benchmarked a wide range of pretrained models — by reusing the evaluations, we can contextualize OlmoEarth
v1.1’s results against all these pretrained models. For this reason, all evaluation protocols are identical to
those used in OlmoEarth v1 - while we summarize them below, full details are available in Herzog et al. [3].

OlmoEarth vl and v1.1 were trained on identical training datasets, for the same number of steps. This makes
comparisons between the two models especially meaningful, since differences in performance can be attributed
to the algorithmic changes described above. However, the training cost of OlmoEarth v1.1 is significantly less
than OlmoEarth v1; a v1 training run requires 2,989 GPU hours, while a v1.1 training run requires 1,763
GPU hours (a 1.7X reduction).

3.1 kNN and Linear Probing Results

We adopt the same kNN and linear probing regime as OlmoEarth v1. For all models, we sweep normalization
strategies (pretraining vs. dataset statistics), pooling strategies (mean pooling vs. max pooling) and — for
linear probes — learning rates. All results are in Table 1.

For kNN and linear probing, OlmoEarth v1.1 is generally competitive with OlmoEarth v1 and in some cases
outperforms it. We do see some regressions: notably, v1.1 is worse than vl on m-eurosat at all sizes, and
is generally worse on the CropHarvest tasks. However, we do also see some significant improvements (for
example on m-bigearthnet, BreizhCrops and PASTIS). In spite of OlmoEarth v1.1’s significantly smaller
computational footprint, performance changes between the models are small: when we average scores across
all the tasks, OlmoEarth Nano goes from 60.1 (v1) — 60.9 (v1.1), OlmoEarth Tiny from 61.9 — 62.1 and
OlmoEarth Base from 65.2 — 64.3.



3.2 Finetuning Results

We adopt the same finetuning regime as OlmoEarth v1. For the research tasks we apply a linear decoder
and sweep learning rates for each model over {1 X 10_4, 5 X 10_4, 1% 10_3}. For the partner tasks, we apply
task-specific decoders and finetune all models with the same learning rate (1()_4), except Nandi for which some
models exhibit unstable learning and we sweep over {10_47 10_5}. For all tasks, we freeze the encoder for the
first 20% of epochs, and then unfreeze it for the rest of training. We train research tasks for 50 epochs since
they use a simpler head, and partner tasks for 100 epochs. For research tasks, we apply 1/10 the configured
learning rate for the encoder parameters after unfreezing, while for partner tasks, we apply a uniform learning
rate. All results are in Table 2.
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Model Metric JF1 Acc. Ace. Acc. Acc. mlOU mIOU mIOU mIOU mIOU | Acc. Ace. Ace. Ace. L1 L1 Acc. Acc. Ace. Ace. F1  F1 L1 Acc. mloU
Anysat ViT Base | 684 567 987 516 959 804 342 609 633 774 | 780 830 593 846 191 194 969 971 784 767 - - 734 435 826
Clay ViT Large | 657 613 987 492 958 739 334 489 689 785 | 77.0 - 534 933 248 - 966 - 309 - 707 79.9 164 683 82.2
CopernicusFM ~ ViT Base | 713 66.8 981 - 985 787 336 546 660 786 | 79.0 79.0 588 90.0 252 245 971 971 682 559 - 774 167 696 776
CROMA ViT Base | 695 591 987 - 956 464 348 563 666 794 | 765 755 575 932 243 240 964 963 622 674 - - 198 644 795
CROMA ViT Large | 718 589 97.8 - 975 478 360 581 688 794 | 795 - 566 923 246 241 966 962 764 B S
DINOv3 Sat  ViT Large | 69.9 63.3 989 59.2 967 80.6 345 428 647 - |345 - 430 804 902 - 658 - 358 - - - 303 548 707
Galileo ViT Base | 69.2 647 983 - 978 788 357 612 719 797 |8L0 815 629 951 201 187 973 975 81.9 819 - 787 164 730 83.1
Panopticon ViT Base 69.3 654 99.0 56.0 982 79.7 33.4 54.4 72.8 79.1 | 755 785 543 964 245 237 971 974 652 695 749 76.7 17.7 694 81.8
Prithvi v2 ViT Huge | 70.6 64.7 982 - 96.8  81.1 38.8 58.6 69.3 - 80.0 - 60.6 924 - - 97.2 - 771 - 71.1 - 174 682 84.1
Satlas Swin Base | 72.7 65.1 98.7 56.0 97.0 77.0 37.8 574 60.5 78.5 | 78.0 - 56.1 63.3 25.0 246 96.6 - 47.6 - - - 16.2 71.6 833
TerraMind ViT Base 72.6 66.1 985 - 97.6  80.9 39.2 59.9 73.2 79.5 | 84.0 820 498 964 243 238 977 968 66.1 79.3 - 79.6 18.1 - 83.5
TerraMind ViT Large | 74.0 654 98.1 - 97.8 813 411 60.9 71.5 79.5 | 81.5 - 51.1 939 245 245 965 969 66.1 - - 830
OlmoEarth vl ViT Nano | 66.8 615 98.0 50.3 953 39.5 354 53.0 60.6 78.8 | 825 825 61.1 96.0 204 197 974 974 756 748 702 755 171 720 821
OlmoEarth vl ViT Tiny 69.6 63.5 98.7 532 97.1 725 385 60.3 715 79.7 | 8.0 855 60.6 97.7 198 192 97.6 97.7 782 764 744 769 158 735 852
OlmoEarth vl  ViT Base |720 68.6 986 5.2 987 798 396 643 77.8 798 | 87.0 860 624 971 185 17.9 976 97.9 818 822 754 79.2 154 746 85.4
OlmoEarth vl ViT Large | 724 68.1 986 527 985 806 408 663 8.8 79.8 | 845 - 588 97.9 199 185 976 976 8.0 - - - - 84.2
OlmoEarth v1.1 ViT Nano | 67.4 61.1 985 523 95.1 439 354 547 584 785 | 815 820 588 951 214 193 970 972 722 743 717 75.1 167 713 79.3
OlmoEarth v1.1 ViT Tiny | 70.7 659 98.9 551 97.6 704 403 615 681 795 | 85.0 875 624 974 193 185 975 O7.7 794 782 745 759 160 729 849
OlmoEarth vi.1 ViT Base | 723 69.8 98.6 532 981 80.5 402 646 750 801 | 840 850 647 97.0 189 182 O97.6 97.9 788 764 752 789 159 737 846

Table 2 Fine-tuning results on research benchmarks (left) and partner tasks (right). We train all models with the same
recipe and report test set results for the model checkpoint with the best validation set performance. Some models are
only compatible with a subset of tasks. Due to resource constraints, we do not fine-tune large models on all tasks. We
highlight which same-sized models win between v1 and v1.1.

Overall performance changes between the model are small. Finetuning performance on research tasks is a bit
better, and finetuning performance on partner tasks is a bit worse. When averaged across all “more is better”
tasks (i.e. excluding tasks where lower metrics indicate better performance), OlmoEarth Nano goes from 73.0
(vl) = 72.8 (v1.1), OlmoEarth Tiny goes from 77.0 = 77.0 and OlmoEarth Base goes from 79.0 — 78.5.

We investigate improvements to our finetuning recipe in Appendix B.

3.3 Ablations

We ablate each of our changes in Table 3, using models trained for 600, 000 steps. For these ablations, we
evaluate our models with the validation sets of MADOS, m-eurosat, PASTIS and m-bigearthnet. Band
dropout is critical to recover performance - without it, MADOS and m-eurosat performance drop significantly.
The new masking strategy delivers small but consistent improvements on all tasks, and the new loss function
improves all tasks except m-eurosat, where performance is similar.

The addition of the time masking strategy introduces a new hyperparameter p;, which defines how often we
select time masking vs. random masking (see Section 2.3 for more details). We measure model sensitivity
to py in Figure 3 with models trained for 600,000 steps. The model isn’t very sensitive to this parameter;
however, some amount of time masking (p; > 0) is always helpful.

3.4 Environmental Impact

We use the same technique as OlmoEarth v1 to measure the pretraining cost of the OlmoEarth v1.1 models
(Table 4). As with OlmoEarth v1, this estimate represents a lower bound since it does not account for



Masking 7,,4. Projection Loss MADOS m-eurosat PASTIS m-bigearthnet
Updated 0.2 nonlinear Masked negatives 75.6 92.6 55.2 63.6

vl 0.2 nonlinear Masked negatives 72.7 92.2 54.4 62.8
Updated 0.0 nonlinear Masked negatives 69.3 84.1 54.8 63.9
Updated 0.2 linear Masked negatives 75.5 93.9 54.7 62.0
Updated 0.2 nonlinear vl 74.2 92.9 53.5 63.0

Table 3 Ablation experiments on the OlmoEarth v1.1 base model, measuring validation performance with linear
probing for MADOS (mIOU) & PASTIS (mIOU), and kNN for m-eurosat (accuracy) & m-bigearthnet (uF1). We
highlight the changes relative to OlmoEarth v1.1. All experiments use single bandsets per modalities.

MADOS m-eurosat PASTIS
T L~ 94 F "___‘__-\ I m ‘/——__‘_
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Figure 3 Model sensitivity to p;, the ratio with which time masking is applied to the model. We measure validation
performance on MADOS (mIOU), m-eurosat (accuracy) and PASTIS (mIOU) of p, € {0.0,0.25,0.5,0.75}.

hardware manufacturing, transportation, etc. Overall, pretraining the v1.1 family of models (Nano, Tiny and
Base) required only 69% of the GPU hours required to train the v1 family of models.

Energy Carbon Water
Model Size Hardware GPU Hrs (kWh) (tCOgeq) (kL)
OlmoEarth v1 Nano H100 1,149 195 0.08 0.30
OlmoEarth v1 Tiny H100 1,149 205 0.08 0.32
OlmoEarth v1 Base H100 2,989 803 0.32 1.24
OlmoEarth v1.1 | Nano H100 1028 180 0.08 0.28
OlmoEarth v1.1 | Tiny H100 865 172 0.08 0.27
OlmoEarth v1.1 | Base H100 1,763 541 0.24 0.84
Total (v1.1) Overall 3,655 892 0.40 1.39

Table 4 Approximate environmental impact of pretraining OlmoEarth v1 and v1.1.

4 Discussion

When making large scale maps, the costs of running and training the model dominate. When finetuning
the model, 80% of the compute cost consists of running finetuning (while 20% consists of data export and
preprocessing). When running inference at scale, 98% of the cost is inference (while 2% of the cost is data
export & preprocessing and map post-processing). OlmoEarth v1.1 therefore directly translates to cheaper
mapping at scale; we hope this will make OlmoEarth more accessible to our partners and users of the
OlmoEarth model and platform.

We demonstrate that this reduction in computational cost does not need to penalize overall performance.
We hope to continue finding the frontier of performance and cost. We observe that OlmoEarth v1.1 Tiny
disproportionately benefits from the changes in this report; we are not sure why this is the case. One
hypothesis is that the non-linear projection (Section 2.2) is relatively wider for the Tiny model (the projection
width is 33% of the model dimensionality) than for the Base (8.3 %) and Nano (9.4 %) models; having more
capacity early in the model may be helpful.

We release OlmoEarth v1.1 under the same “OlmoEarth Artifact License” as OlmoEarth v1. This open license
restricts use for military, defense-related, and extractive industry applications.
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A Speedups: Linear vs. convolutional patch embedding.

FlexiViT [1| needs a patch embedding that accepts variable patch sizes at runtime; the natural choice,
nn.Conv2d with kernel_size = stride, reduces over the input-channel dimension, which in our multi-modal
setting is only 1-12 bands and therefore not 16-byte aligned for bf16. As a result, cuBLAS dispatches to
unvectorized cutlass TensorCore kernels (s1688gemm_. .._alignl, 7.5% of GPU time) and prefaces every
call with an im2col materialization that is pure overhead for non-overlapping patches (another 20.2%).
Replacing the convolution with a reshape + nn.Linear (mathematically identical, with a reshape-compatible
weight) moves the channel count into the GEMM’s reduction dimension, giving an inner size of ¢-p-p that is
naturally aligned and dispatches to the vectorized cuBLAS TensorCore kernels (nvjet_tst_*). On our 8-GPU

FlexiViT-Base setup this drops per-step time from 0.86s to 0.70s (1.23x throughput) with no meaningful
change to model, loss, or memory.

B Improved Finetuning Recipe

In Section 3.2, we reuse the finetuning recipe from the OlmoEarth v1 evaluation to compare the pre-trained
models in a consistent manner. However, we find that adopting layer-wise learning rate decay (LLRD)
improves finetuning performance for OlmoEarth v1.1 over the frozen start method. Specifically, we apply
LLRD with a layer decay rate of 0.65, where the decoder parameters employ the configured learning rate,
the 12th attention block uses 0.65x the learning rate, the 11th block uses (0.65)27 and so on. We compare

the finetuning recipes in Table 5, referring to the original evaluation recipe as FrozenStart and the improved
recipe as LLRD.
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Modalities | S2 S2 S2 L8 S2 S2 S2 S2 S2 S1 S2 82,81 S2 S2 S2  S2,S1 S2 82,81 S2 S2,81 L8 SI S2 S2 S2
Time series | X x x x x x x v x X v v (4 (4 v (4 (4 v v v x X x X v
Recipe Metric puF1 Acc. Acc. Acc. Acc. mIOU mIOU mIOU mIOU mIOU | Acc. Acc. Acc. Acc. L1 L1 Acc. Acc. Acc. Ace. F1 F1 L1 Acc
FrozenStart v1.1 Nano | 66.9 60.7 98.5 522 953 442 353 542 56.8 785 | 81.5 82 588 951 214 193 97 972 T2.2

743 717 751 16.7 713 793
FrozenStart v1.1 Tiny | 70.9 66.9 98.8 56.3 97.5 70.3 40 61.6 70 79.7 85 875 624 974 193 185 975 97.7 794 782 745 759 16 729 849

FrozenStart v1.1 Base |72.3 69.8 98.6 532 981 80.5 402 64.6 5 80.1 84 85 647 97 189 182 976 979 788 764 752 789 159 T73.7 84.6

LLRD vl.I Nano | 67.1 60.1 984 53.6 952 60.4 355 57 59.2 784 | 825 835 652 944 19 19.1 973 976 767 76 73 779 161 725 829
LLRD v1.1 Tiny 716 66.6 98.5 564 98 4.5  39.6 622 679 792 | 815 865 63.8 969 18 178 978 979 714 728 75 738 152 74 854
LLRD v1.1 Base 72.7 67.6 98.6 51.6 97.7 80.6 40.2 65.6 813 804 | 835 8 647 98.1 176 172 978 98 775 762 757 789 132 76.6 89

Table 5 Fine-tuning results comparing the FrozenStart method to the layer-wise learning rate decay (LLRD) method.
We highlight which same-sized models win.

LLRD improves average performance across all three model sizes. For Base, it improves performance on 15
tasks while decreasing performance on 6 tasks (and maintaining performance on the other 4 tasks).
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