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Abstract +Ai2

We make some OlmoEarth embeddings. To do this, we train a new model: OlmoEarth v1.3. OlmoEarth
v1.3 is designed to condense multimodal, multitemporal remote sensing data into a single digestible
64 or 128-dimensional vector. OlmoEarth v1.3 produces state-of-the-art embeddings. In addition,
OlmoEarth v1.3 is a strong encoder backbone — competitive with OlmoEarth v1 and v1.2 — while
requiring 18% and 53% of the GPU hours to train, respectively. We use OlmoEarth v1.3 to compute
global, annualized 10m embeddings, which we release under the OlmoEarth artifact license.

1 Introduction

Embeddings are an extremely convenient way to ‘
represent Earth Observations. When making large 1
scale maps, inference costs dominate: Section 4 of
the OlmoEarth v1.2 report [27] notes that when
making maps at scale with OlmoEarth v1.2, 98%
of the cost is inference through the model and
2% of the cost is data export & preprocessing. TESENRA v2
Embeddings bear the inference cost once but can QAEF '
be reused for many downstream tasks. In addition,
embeddings enable use cases not possible when

finetuning models, such as aggregating information ~ Figure 1 Storage cost per pixel against mean rankl(the
over large scales [19]. smaller the better) over 11 evaluations (Section 3.1)", all

four products ranked together. TESSERA v2 stores 128
Previous generations of OlmoEarth models (Ol-  int8 values plus a float scale.

moEarth v1 [12] and v1.2 [27]) have principally
been deployed via finetuning within OlmoEarth Studio (https://olmoearth.allenai.org/platform). This
tech report introduces OlmoEarth v1.3, a model which makes embedding a first class deployment target.
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'For the AEF evaluations, we rank models using a single classifier. We use kNN-20 for consistency with Section 3.2.1.
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Figure 2 One OlmoEarth v1.3 training step. In a single forward pass, we compute the LatentMIM Lite and supervision
losses (which are used to train the Attention Pooler and Vision Transformer) and the distillation losses (which are used
to train the student). This makes distillation essentially free: no additional forward passes are necessary to compute
the distillation losses.

Embeddings introduce three important considerations: (i) aggregation: combining tokens from multiple
timesteps and modalities into a single representation per location, (ii) efficiency at high resolutions and (iii)
compaction: decoupling the width of the backbone from the final embedding size.

OlmoEarth v1.3 yields state-of-the-art embeddings. When compared with the other two prominent 10m
satellite embedding products — AlphaEarth Foundations [3] and TESSERA v2 (specifically TESSERA-v2-
Large) [6] - OlmoEarth v1.3’s 128-dimensional embeddings are best on 10/11 tasks”, and our 64-dimensional
embeddings beat both baselines on 7/11 tasks. In addition, OlmoEarth v1.3 is a strong finetuning model,
maintaining OlmoEarth v1.2’s quality despite requiring about half the GPU hours to train.

In Section 2 we describe OlmoEarth v1.3, focusing on how we address the aggregation, efficiency and compaction
considerations necessary to make strong global-scale embeddings. In Section 3, we evaluate OlmoEarth v1.3’s
embeddings, and the backbone itself using the same KNN/LP and finetuning evals used in OlmoEarth v1.2. In
Section 4, we describe our process for generating and serving global, multi-year embeddings from OlmoEarth
v1.3. In Section 5, we discuss the environmental impact of pretraining OlmoEarth v1.3 and of deploying
global, annualized embeddings.

2 OlmoEarthv1.3

The OlmoEarth models (v1 [12], v1.1, v1.2 [27] and v1.3) are encoder-decoder vision-transformer models
trained via masked image modeling. 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
and other map targets based on the unmasked portion.

Previous generations of OlmoEarth models were principally deployed within OlmoEarth Studio via finetuning;
v1.3 makes embeddings a first-class deployment target. Unlike finetuning, three considerations are introduced
when producing embeddings: (i) aggregation, (ii ) efficiency at high resolutions and (ii) compaction.

Below, we describe how we handle these considerations. These represent the changes between OlmoEarth v1.2
and v1.3. We finish by summarizing the overall OlmoEarth v1.3 architecture and training loop.

2Asin Figures 1 and 7, we only consider the kNN-20 classifier for this summary.
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Figure 3 The Attention Pooler learns a query which cross-attends to the ViT’s output tokens. We repeat this query at
the desired output resolution to obtain embeddings at a finer granularity than the ViT’s patch size; this decouple the
model’s output resolution from the number of tokens passing through the ViT (and therefore its compute cost).

2.1 Aggregation

The OlmoEarth models are based on vision transformers. Given an input of remote sensing data, we tokenize
it before passing it through a number of attention blocks. This tokenization happens across three dimensions:
space, time and modalities. Spatially, we define some patch size p and divide our inputs H X W into p X p
patches. A token consists of one modality, one timestep and one p X p patch so that a T-timestep, 3 modality
(Sentinel-1, Sentinel-2 and Landsat) input will have T' X 3 X % X % tokens in total. When constructing
embeddings, we only want a single token per spatial patch, so we must aggregate the modality and time
dimensions to produce % X % tokens.

Naively averaging these embeddings can lead to detrimental results - for example, OlmoEarth v1.2 sees
mixed results when combining modalities, even when finetuned (Table 2 of [27]). This makes intuitive sense;
nothing during training tells the model that tokens will be averaged in this way. In addition, naive averaging
is probably not optimal anyway; some tokens matter much more than others. For example, during cloudy
months Sentinel-1 is likely to be more important.

We aggregate the encoder’s output tokens using an Attention Pooler (a relatively common approach [13, 14,
17, 18]). Specifically, we learn a query and the “tokens to be aggregated” are the keys and values. In our
case, the key / value tokens are the outputs of the vision transformer. This allows the vision transformer’s
output tokens to be aggregated using a data dependent aggregation function — the attention mechanism. Our
Attention Pooler consists of two attention layers; a “read” cross-attention layer, and a latent self-attention
layer (where the queries, keys and values are all the query tokens). During the reads, the keys and values are
the final outputs of the Vision Transformer; we experimented with passing intermediate embeddings from the
Vision Transformer too but this did not meaningfully change results.

We have two requirements for these query tokens: (i) locality — each query token must correspond to a specific
spatial patch, and (ii) window invariance — windowing is arbitrary, so nothing should depend on a token’s
absolute position within the window. We achieve this with three mechanisms:

A single learned location query which is repeated to cover all spatial patches. This ensures window invariance,
since every spatial patch shares the same query parameters. We refer to the location queries after they have
passed through the Attention Pooler as “location tokens”.

RoPE spatial encodings, applied during both the read and self-attention layers, give each query its spatial
identity. Because RoPE is a relative positional encoding, it allows us to provide this spatial identity without
imposing a dependency on a query token’s absolute position within a window.

Direct supervision on location tokens. This direct supervision leverages our map modalities: we add a loss
on each query token, training it to reconstruct the map pixels it covers spatially. Concretely, each location
token covers a p X p spatial area in the input. For each map modality, we learn a linear projection (which
we discard after pretraining) which maps each 768-dimensional output token to P X P X n where P is our
maximum location token patch size and n is the number of channels in that map. We then bilinearly resize
to the token’s footprint and apply an L1 loss for continuous maps (like SRTM) and a cross-entropy loss for



categorical maps (like WorldCover). The full supervision loss is a weighted sum of each map m’s loss:

Lowp =Y WL,

m

For the continuous maps, a mean prediction incurs a loss of E|z — p| < o; under our normalization, o = 0.25.
For the categorical maps, a uniform prediction incurs a loss of In C'; which is 2.4 for WorldCover’s 11 classes
and 4.9 for CDL’s 133 classes. We therefore apply a weight w,, = 1 for the continuous maps and w,,, = 0.1 for
categorical maps to balance out these order-of-magnitude differences.

Direct supervision improves embedding performance; PASTIS validation mIoU increases from 0.513 without
supervision to 0.584 with supervision (we describe how we run PASTIS in Section 3.1).

2.2 Efficiency at high resolutions

All OlmoEarth models use a flexible patch-embedding
layer; this allows users to control the inference cost of
their models (Figure 4). This patch size defines the
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resolution at which an input is tokenized; given a 10m » 2000 17 b
per pixel input, a patch size of 2 means that each token g
represents a 20m X 20m spatial patch. In a standard ViT, (ED 1000 .

the input resolution is equal to the output resolution;
that is, at patch size 2 the ViT will also output tokens
covering a 20m X 20m spatial patch.

Patch size
During finetuning, this is not an issue; we can use a Figure 4 Inference cost of one 16 X 16 embedding win-
decoder head which upsamples these tokens to predic- 45y (12 timesteps, Sentinel-1, Sentinel-2 and Landsat)
tions at the desired resolution (typically 10m per pixel). by patch size, with and without an Attention Pooler
However, when producing embeddings we don’t have a  outputting at pixel-resolution. Labels give the en-
decoder head - we’d like to decouple the encoder patch coder’s GMACs and the Pooler’s overhead.
size (which dictates the inference compute cost) from
the model’s output resolution. The Attention Pooler provides a simple way to do this: we can repeat the
learned queries for every desired output patch, instead of for every encoder spatial patch (Figure 3).

This allows us to produce 10m embeddings much more cheaply; Figure 4 shows the cost of adding an Attention
Pooler to output 10m embeddings when running the ViT at different resolutions. The Attention Pooler adds
a negligible cost (18 to 4 GMACs per window) while allowing significantly cheaper forward passes.

Decoupling the ViT patch size from Attention Pooler’s output resolution allows us to efficiently produce 10m
embeddings - running a ViT + Attention Pooler at encoder resolution 20m, output resolution 10m is 7.7x
cheaper than running a ViT at 10m resolution: 308 vs. 2,378 GMACs per window (for reference, TESSERA
v2 costs around 700-1,200 GMACs for the same area, depending on imagery availability). Figure 4 shows the
overhead of the Attention Pooler outputting at 10m resolution at different input patch sizes. The Attention
Pooler introduces a negligible additional cost to the ViT.

We already sample encoder patch sizes p, during training (Section 2.2 of [12]). We now additionally sample
pooling patch sizes p, such that p, < p. - this ensures the pooler can output location tokens at different
resolutions. We want the Attention Pooler’s location tokens to retain fine-grained details. We use two
mechanisms to encourage this; direct supervision on the output tokens, as described in Section 2.1, and
PixLatentMIM Lite. This is a variation of our LatentMIM Lite loss (Section 2.4 of OlmoEarth v1, [12]). The
targets (and therefore the decoder’s mask tokens) always operate at a pixel resolution (patch size 1). To
prevent memory issues from too many decode-tokens, we sample one pixel per masked patch to use as a target.
This yields a small improvement over standard LatentMIM Lite (+0.5 mIoU on the PASTIS validation set).

2.3 Compaction

A ViT-Base has 768-dimensional encodings; we would like to decouple the final output size from the model’s
capacity, so that much more compact embeddings can be produced. We tried two ways to achieve this:
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Figure 5 We use a linear layer to distill the 768-dimensional location tokens to 128-dimensional embeddings. We apply
the distillation losses to the 128-dimensional embeddings and to their first 64 dimensions.

query compaction, where the Attention Pooler’s queries are set at a desired dimensionality (e.g. 128), and
distillation, where the entire backbone is kept at 768 dimensions before being shrunk via distillation.

Both of these approaches yielded similar performance on the 128d embeddings (distillation obtains an mIoU of
0.584 on the PASTIS validation set while token compaction obtains 0.575). Our final recipe uses distillation;
we chose this because distillation offers two advantages over query compaction:

e Astrongteacher model: Using 128 dimensional query tokens in the Attention Pooler forces a bottleneck
through the Attention Pooler. When using distillation, the backbone is trained natively at d768. This
ensures we have a strong teacher model, which also excels at finetuning.

e Nested embeddings via a Matryoshka learning [16], allowing users to select d128 or d64 embeddings based
on their own performance vs. cost tradeoffs.

Our “distillation” consists of learning a single linear layer, which projects the 768 location tokens down to
128 dimensions, followed by a LayerNorm (Figure 5). To train this linear layer, we use two losses: a cosine
similarity loss (Leosine) and a Gram loss (Laram, following DINOv3 [22]). The cosine similarity loss uses
a 2-layer MLP with hidden width 256 to project the student embeddings back to 768 dimensions, before
measuring their cosine similarity with the location tokens. The Gram loss randomly samples 2,048 tokens
from the batch and constructs two cosine-similarity matrices for these tokens: one using the 768 dimensional
location tokens, and one using the 128 dimensional student embeddings. An MSE loss is then applied to
compare the two matrices. Unlike DINOv3’s Gram loss, this means similarities are also computed between
tokens in different instances. Intuitively, the cosine loss encourages effective distillation at a token level, while
the Gram loss encourages the student to preserve the overall geometry of the tokens by matching the teacher’s
pairwise similarities between tokens.

These distillation losses are only used to train the linear projection and the MLPs (which we discard after
pretraining) — gradients from the distillation losses do not flow to the ViT backbone or the Attention Pooler.
We use a Matryoshka loss for the distillation; this means that the distillation losses are applied twice, once
to the first 64 dimensions of the student tokens and once to the full 128 dimensions (we learn one MLP per
prefix for the cosine loss). This allows us to treat the first 64 dimensions of the student tokens as an even
smaller set of embeddings.

We train our student jointly with the teacher (the ViT backbone and the Attention Pooler) rather than in a
separate stage. Since the student only consists of a linear layer, this makes the distillation essentially free; a
single forward pass allows us to compute the Latent MIM Lite and supervision losses for the teacher as well
as distillation losses for the student. Gradients from the distillation losses are only used to train the linear
distillation layer; they don’t flow back to the Attention Pooler or the encoder.

2.4 Puttingit together

OlmoFEarth v1.3 follows the same encoder-decoder training recipe and architecture as OlmoEarth v1.2, but
adds two components: the Attention Pooler (Section 2.1) and token distillation (Section 2.3). We use a
ViT-Base for our Vision Transformer; this ViT-Base is identical to the OlmoEarth v1.2 Base model. The
decoder inputs when training OlmoEarth v1.3 are the attention pooler outputs, not the raw outputs from the



Vision Transformer backbone. We provide a visual overview to OlmoEarth v1.3 in Figure 2.

All losses are simply summed during training:

L= ﬁLatentMIM + £sup + ‘Ccosine + ‘CGram

Where Liaientviv 1S the token-contrastive loss we used to reconstruct masked Sentinel-1, Sentinel-2 and
Landsat tokens and the maps, Ly, is the supervision loss on maps, and Lecosine and Lgyam are cosine similarity
and Gram loss used for distillation.

We use the same training data as OlmoEarth v1.2:

Observations ‘ Maps

Sentinel-1 WorldCereal [29] OpenStreetMap [21]
Sentinel-2 WorldCover [33] Cropland Data Layer [28]
Landsat-8 SRTM |[20] Canopy Height Map [24]

One of the main motivations for the “Instance Contrastive Loss” ([12], Section 2.4.2) is to pool tokens during
pre-training so that when we pool tokens during deployment this is something the model has seen before. The
Attention Pooler now aggregates tokens both during pre-training and deployment, allowing us to remove the
instance contrastive loss without seeing a regression in performance. This speeds training up, since gradient
updates now only require one forward pass per microbatch instead of two.

Aside from these changes, we train OlmoEarth v1.3 using the same recipe as OlmoEarth v1 and v1.2. This
consists of 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. OlmoEarth v1.3 cost
53% of the GPU hours required to train OlmoEarth v1.2, and 18% required to train OlImoEarth v1.

3 Experiments & Results

3.1 Embedding evaluations

Aftica crop mask Canada crops (coarse) Canada crops (fine) Descals oil palm Ethiopia crops GLanCE LCMAP land use US trees

AEF TES. v1.3 AEF TES. v1.3 AEF TES. v1.3 AEF TES. v1.3 AEF TES. v1.3 AEF TES. v1.3 AEF TES. v1.3 AEF TES. vl.3
Readout 64 128 128 64 64 128 128 64 64 128 128 64 64 128 128 64 64 128 128 64 64 128 128 64 64 128 128 64 64 128 128 64
Ridge, =0 | 88.8 88.1 9019 92.6|70.3 70.7 736 733|606 645 66.2 635|774 69.8 790 79.0| 685 68.1 63.6 691|677 687 709 695|858 852 887 88.1|2L1 209 230 21.2
kNN-5 87.6 883 917 916|712 710 724 715|613 626 647 640|712 69.0 720 716|664 77.4 708 692|680 68.0 702 700|834 837 86.3 86.3| 183 161 18.6 183
KNN-20 86.9 871 918 91.6|70.9 70.6 717 70.9| 619 633 649 63.9|722 703 732 728|643 742 67.0 662 | 688 688 71.0 708|842 842 871 870|219 195 220 216

Ridge, A=1 | 89.1 89.7 93.2 93.0|70.1 71.5 745 73.3|60.1 645 66.0 63.1|764 71.5 80.6 784|662 79.6 738 70.3|67.7 687 70.9 69.5|857 852 887 881|211 209 229 213
Ridge, A=10{ 86.8 90.1 93.3 929|681 715 740 723|576 641 651 623|729 724 79.8 770|602 80.1 67.1 649 | 674 68.6 70.8 69.4|85.2 852 887 881|208 208 228 21.2

LogReg 879 89.8 93.0 928|693 704 744 734|620 645 66.8 657|756 716 813 79.1|633 797 710 679|691 687 71.0 709|862 846 88.4 882|223 220 239 229
RF 885 89.6 925 92.0|71.0 715 727 719|627 647 654 647|743 717 77.9 T77.0|688 773 71.3 70.1|69.2 695 713 710|844 841 87.0 86.8|224 203 219 215
MLP 89.6 90.1 929 925|712 7.7 737 732|622 63.1 657 645|766 727 80.5 788|719 80.4 759 740|683 670 69.9 692|854 844 878 876|176 153 172 175

Table 1 Balanced accuracy on the eight AEF balanced-trial datasets for every readout. Sub-columns are AEF (64
dims), TESSERA v2 (“TES.”, 128 dims) and OlmoEarth v1.3 at 128 dims and its first 64 dims. The first block is the
AEF protocol (ridge with A=0, kNN with k=5, 20); the second block adds commonly used classifiers at library defaults.
Every classifier is fit on the same class-balanced draws at AEF’s Table-1 sizes and scored on the remainder; cells are
means over repeated draws. We highlight OlmoEarth cells that beat the better of the two baselines.

We compute our embeddings using all three input modalities (Sentinel-1, Sentinel-2 and Landsat). We use 12
input timesteps (to obtain annualized embeddings), a 16 X 16 input window, an encoder patch size of 2 and
an output patch size 1 (yielding embeddings at a 10m X 10m resolution). In this setting, the Attention Pooler
is essentially free in terms of compute cost, costing TGMACs per window (a 2% increase from 301GMACs per
window without the Attention Pooler to 308GMACs per window with the Attention Pooler).

We compare our 128-dimensional embeddings with Tessera v2 Large [6] and Alpha Earth Foundations [3]
(AEF). When running these evaluations, we aim to reflect the deployed results as closely as possible. For
AEF, we retrieved the embeddings using Google Earth Engine [9]. For Tessera v2, we followed the inference



instructions in the official github repository3. For OlmoEarth, we compute embeddings using Sentinel-1,
Sentinel-2 and Landsat as inputs with the same processing as pretraining (monthly least-cloudy imagery). In
all cases, we only consider annualized embeddings since these reflect the most accessible products for all
three models. Each embedding is aligned to its labels’ calendar year. Inall cases, we quantize the embedding
using the deployed quantization method.

We evaluate our embeddings following the proto-

col from AEF. Specifically, for each of the AEF PASTIS | PLANTEUR

evals (Africa crop mask, Canada Crops {coarse, Model Dim. | Random | Random | LOIO
fine}, Descals Oil Palm, Ethiopia Crops, GLanCE, AEF 64 39.1 217 | 158
LCMAP land use, US trees) we sampled a bal- TESSERA v2 128 58.3 342 | 191
anced training set. For each classifier we evaluate, OlmoEarth v1.3 distilled 128 58.6 36.7 | 24.9
we train a classifier on this training set and eval- OlmoEarth v1.3 distilled 64 53.4 352 | 215

uate on all non-sampled points. We do multiple

draws per dataset, and report mean accuracy. Table 2 Crop-type segmentation results, measured via

mloU, on the PASTIS and PLANTEUR datasets. We also
We additionally evaluate the embeddings on two measure PLANTEUR's “leave-one-island-out” (LOIO) mIoU
crop type classification datasets: PASTIS [8] and  performance, which evaluates the embeddings’ geographic
PLANTEUR [32]. Like PASTIS, PLANTEUR is generalization capabilities.
based on the Registre parcellaire graphique [5] but
uses labels from Overseas France (Martinique, Réunion, French Guiana, Guadeloupe, Mayotte). PLANTEUR’s
geographic diversity allows us to asses test performance on one island when classifiers are trained on the
other islands (“leave-one-island-out”, LOIO). This allows us to assess the geographic generalization of the
embeddings. Embeddings from these larger datasets don’t fit in memory, so unlike the AEF evaluations we
use a linear probe to assess embedding performance (with the same learning rate grid as Section 3.3 of [12]).

AEF and Tessera v2 are not the same size as Ol-

>L

moEarth (128 dimensions, 128 bytes at int8). AEF 60 |- g 7 i
is smaller (64 dimensions, 64 bytes at int8) while Z OlmoEarth "1":' d128
Tessera v2 is marginally bigger (128 dimensions 3 el TE$SERA v2 |
but with a magnitude float as well, yielding 132 UE) 56 1 DA S E— |
bytes at int8). 5

< 54| g R
These evaluated embeddings are not bit-identical A o }
to the released embeddings. Unlike the released em- 5‘0 1(‘)0 2(‘)0 560 1‘1{ 2‘k
beddings, we computed these embeddings by tiling GMACs per window (log scale)

Ehe Vlr,I% ) thfe rel'eafs ed embeSd dlr.lgs ise Searchlight Figure 6 PASTIS validation mIoU against inference cost
or artifact free inference (Section 4.2). We mea- per 16x16x12 S1+52+L8 window, for the 128-dimensional
sured the difference in performance on PASTIS embeddings and their first 64 dimensions (d64). In all cases,

with and without Searchlight inference, and ob-  the model’s output patch size is 1 (10m). AEF scores 39.1.
served a negligible difference (PASTIS val mIoU

was 60.43 with Searchlight compared to 59.80 without).

3.1.1 Comparison with AEF and Tessera v2

Across our embedding evaluations, the OlmoEarth v1.3 embeddings are the best performing. We follow AEF
in using kNN and a ridge regression with A = 0 to evaluate the embeddings; this minimizes the classifiers’
hyperparameters, ensuring methods aren’t penalized for sub-optimal hyperparameters (Section S4.1 from [3]).
Under this protocol, our d128 embeddings outperform AEF and TESSERA v2 on 7/8 AEF datasets. Our d64
embeddings outperform both on 5 to 7 of 8. The one exception is Ethiopia, where TESSERA v2 consistently
outpeforms OlmoEarth v1.3. On crop-type-segmentation, our d128 embeddings slightly outperform TESSERA
v2 on PASTIS (58.6 vs. 58.3 mIoU) and are best on PLANTEUR, while our d64 embeddings outperform
AEF on PASTIS and both AEF and TESSERA v2 on PLANTEUR.

When deploying models practitioners are likely to experiment with a range of different classifiers. To reflect
this, we run the AEF evaluations with a range of commonly used classifiers, using library defaults (Table

3https ://github.com/ucam-eo/tessera/tree/master/tessera_infer_v2
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Figure 7 Performance vs. computational efficiency, averaged across 13 kNN/LP tasks (Sentinel-2 tasks which all
models can support). 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. We measure OlmoEarth v1.3
performance without the Attention Pooler and with (+P, square). Without the Attention Pooler, v1.3 has the best
average rank of all models, at the same cost as v1.2 Base; on these 13 tasks, the Attention Pooler adds 13% to the
MACs. Full results in Table 6.

1). The rankings hold: our d128 embeddings remain best on 7/8 datasets under every linear classifier and
6/8 under random forests and the MLP. For OlmoEarth and TESSERA v2, light regularization helps, and
ridge (A = 1) and logistic regression are the strongest classifiers. A small MLP (2 layers, hidden width 256)
is close behind, while tree-based methods and kNN trail. AEF behaves differently: it gains nothing from
regularization but benefits from more expressive classifiers like the MLP and random forest.

Adding some regularization to linear models improves performance - the Ridge (A = 1) and Logistic Regression
are the best performing classifiers. A small MLP (2 layers, with hidden width 256) also does well; tree-based
approaches and kNN do worse. The only exception is AEF which does not benefit from regularization but
does benefit from more complex classifiers like the MLP and random forest (Table 1). Different classifiers do
not significantly change the overall ranks of the models.

3.1.2 Embedding quality as a function of ViT-patch size

Our goal is to produce 10m embeddings. The Attention Pooler allows us to do this with variable patch
sizes for the encoder, controlling the computational cost of producing these embeddings. Figure 6 shows the
cost-performance tradeoff of running OlmoEarth v1.3’s encoder at patch size 1, 2 and 4 on the PASTIS val
set. Running the encoder at patch size 2 dramatically reduces compute cost compared to patch size 1 (a 7.8 x
decrease, from 2,396 GMACs to 308GMACs) with only a small decrease in performance (from 60.17 mIoU to
59.80 mlIoU). This is the setting we use for evaluations (as discussed in Section 3.1) and for deployment.

3.2 Non-embedding evaluations

We also evaluate our model using the same evals as in OlmoEarth v1 and v1.2; this allows us to assess the
overall strength of the backbone and Attention Pooler. When running these evaluations, we consider two
methods of running OlmoEarth v1.3; with and without the Attention Pooler. When evaluating without the
Attention Pooler, we average the Vision Transformer output tokens (following OlmoEarth v1.2).

The cost of the Attention Pooler is highly dependant on the evaluation being run (and — most importantly —
on the number of time and modality tokens being compressed). For PASTIS (12 timesteps are compressed
into a single token), the Attention Pooler only adds 2% to the compute cost. For m-eurosat or m-bigearthnet
(the worst case — single timestep, single modality tasks where no compression happens at all), the Attention
Pooler adds 16% to the compute cost. Averaged across all non-embedding eval tasks, the Attention Pooler



adds 9% to the compute cost compared to an unmodified Vision Transformer backbone.

For these tasks, we use a patch size of 4 for both the encoder and Attention Pooler (unlike the embeddings,
which are run at an encoder patch size of 2).

3.2.1 kNN and Linear Probing Results
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Model Metric pF1  Acc. Ace. Acc. Acc. Acc. Ace. Ace. Ace. Ace. Ace. Ace. mIOU mIOU mIOU mIOU mIOU mIOU | Ace. Acc. Acc. Ace. Ace.  Acc.
Best non-OlmoEarth 649 60.5 941 523 950 69.7 609 81.9 793 794 814 810 54.1 31.7 28.0 44.7  68.4 794 | 66.0 675 79.0 61.5 26.8 68.2
OlmoEarth v1 ViT Base 62.4 677 943 419 955 709 568 734 754 801 873 820 323 289 29.7 50.6 672 792 | 77.0 685 775 67.9 265 T4.7
OlmoEarth v1.2 ViT Base 65.5 67.3 94.7 454 950 733 582 76.7 777 748 814 810 296 32.0 31.1 54.2 672 789 | 745 68.0 750 657 281 739
OlmoEarth v1.3 ViT Base 65.9 554 953 373 941 709 57.1 765 769 745 771 79.7 289 277 314 575 517 79.5 | 73.0 65.0 76.0 66.4 27.0 715
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Table 3 kNN/Linear probe results on research benchmarks and real-world partner tasks for the OlmoEarth Base
models. “Best non-OlmoEarth” is, for each task, the best score among all other models we evaluate (full results in
Table 6). We run v1.3 with the Attention Pooler (“+P”) and without. We bold the best score among the rows shown
and highlight which ViT Base model wins between v1, v1.2, and v1.3.

When evaluated on the kNN/LP evaluations, OlmoEarth v1.3 performs slightly better than vl and v1.2. When
ranking across the 13 models which have results on all 24 tasks (AnySat, Clay, Panopticon and all OlmoEarth
models), v1.3 Base — without the Perceiver — has the highest rank, 4.1 compared to 4.3 for OlmoEarth v1.2
and 4.2 for OlmoEarth v1 (Table 3). The same is true if we rank all models on the 13 Sentinel-2 tasks which
all models support (Figure 7).

Adding the Attention Pooler hurts OlmoEarth v1.3 on these evaluations (by 2.1 points on average). The
Attention Pooler does best when there are tokens to aggregate, and spatial context to leverage in the latent-
self-attention layer - it does well on PASTIS-S2, which meets both of these requirements. We hypothesize this
explains the Attention Pooler’s regression overall, since many tasks are missing one of these two components.
For example, we observe big drops on single-timestep single-modality tasks with nothing to aggregate (most
significantly on MADOS) or tasks with only a single spatial token (CropHarvest, Nandi).

As discussed above (Section 3.2) the Attention Pooler adds a non-neglible cost to forward-passes - this is
visible in the increased MACs for Base + P in Figure 7. However, we note again that many of these tasks
represent worst-case scenarios for the Attention Pooler’s cost, and the Attention Pooler’s relative cost for our
embeddings evaluations (Section 3.1) is much smaller.

3.2.2 Finetuning Results

OlmoEarth v1.3 is a strong finetuning model (Table 4). If we rank all models over all tasks (omitting missing
task-model combinations), OlmoEarth v1.3 (with no Attention Pooling) has a mean rank of 4.34. This is
behind OlmoEarth v1.2 Base (4.02) and ahead of OlmoEarth v1 Base (4.74). All three of these models are
ahead of the non-OlmoEarth models (next best is Galileo-Base at 9.61) and of non-Base OlmoEarth models
(next best is OlmoEarth v1.2 Small at 4.80). Like in the kNN / LP case, Attention Pooling penalizes the
model, lowering its mean rank to 5.88. Attention Pooling tends to hurt most on single-image, single-modality
tasks with no tokens to pool (m-so2sat, the partner vessel detection, length and type tasks).

v1.3 achieves performs well on both research tasks and the partner tasks ranking second on each (mean ranks
4.50 and 4.23). In contrast, v1.2 is best on the research benchmarks (2.60) but fourth on the partner tasks
(4.97) while the oppposite is true for v1 (first on partner tasks at 3.03, sixth on research benchmarks at 7.30).

3.3 Summary

OlmoEarth v1.3 produces state-of-the-art embeddings at 128 and 64 dimensions while remaining a strong
encoder backbone for frozen and finetuned evaluations.
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Anysat ViT Base 68.4 56.7 98.7 51.6 959 80.4 34.2 60.9 63.3 774 | 780 83.0 59.3 84.6 191 194 969 971 784 T6.7 - - 73.4 435 82.6
Clay ViT Large 65.7 61.3 98.2 49.2 951 73.9 334 489 68.9 78.5 | 77.0 - 534 933 248 - 96.6 - 30.9 - 70.7 799 164 683 822
CopernicusFM  ViT Base 71.3  66.8 98.3 - 98.4 787 336 54.6 66.0 78.6 | 79.0 79.0 588 90.0 252 245 971 97.1 682 559 - 774 167 69.6 77.6
CROMA ViT Base 69.5 59.1 98.7 - 95.6  46.4 34.8 56.3 66.6 794 | 76.5 755 575 932 243 240 964 963 622 674 - - 19.8 64.4 79.5
CROMA ViT Large 71.8 589 97.8 - 97.5 478 36.0 58.1 68.8 79.4 | 79.5 - 56.6 923 246 241 966 962 76.4 - - - - - 81.7
DINOv3 Sat ViT Large 69.9 63.3 989 59.2 96.7 80.6 34.5 42.8 64.7 - 34.5 - 43.0 80.4 90.2 - 65.8 - 35.8 - - - 30.3 548 T70.7
Galileo ViT Base 69.2 64.7 98.3 - 97.8 788 35.7 612 71.9 79.7 | 81.0 815 629 951 20.1 187 973 975 819 819 - 78.7 164 73.0 83.1
Panopticon ViT Base 69.3 654 99.0 56.0 98.2 79.7 334 54.4 72.8 79.1 | 755 785 543 964 245 237 971 974 652 695 749 76.7 17.7 694 818
Prithvi v2 ViT Huge 70.6 64.7 98.2 - 96.8  81.1 38.8 58.6 69.3 - 80.0 - 60.6 924 - - 97.2 - 771 - 711 - 174 68.2 84.1
Satlas Swin Base 727 65.1 98.7 56.0 97.0 77.0 37.8 57.4 60.5 78.5 | 78.0 - 56.1 63.3 25.0 246 96.6 - 47.6 - - - 16.2 71.6 83.3
TerraMind ViT Base 72.6 66.1 98.5 - 97.6 809 39.2 59.9 73.2 79.5 | 84.0 820 498 964 243 238 977 96.8 66.1 793 - 79.6 18.1 - 83.5
TerraMind ViT Large 74.0 654 98.1 - 97.8  81.3 41.1 60.9 71.5 79.5 | 81.5 - 51.1 939 245 245 965 969 66.1 - - - - - 83.0
OlmoEarth v1 ViT Nano 66.8 61.5 98.2 50.3 957 39.5 354 53.0 60.6 78.8 | 825 825 61.1 96.0 204 197 974 974 756 748 702 755 17.1 720 821
OlmoEarth vl ViT Tiny 69.6 63.5 98.7 532 979 725 38.5 60.3 71.5 79.7 | 85.0 8.5 60.6 97.7 198 192 976 97.7 782 764 744 769 158 735 85.2
OlmoEarth vl ViT Base 72.0 686 982 51.2 98.6 T79.8 39.6 64.3 778 79.8 87.0 86.0 624 97.1 185 17.9 976 979 818 822 754 79.2 154 746 854
OlmoEarth vl ViT Large 724 68.1 98.8 527 983 80.6 40.8 66.3 81.8 79.8 | 84.5 - 58.8 979 199 185 976 976 81.0 - - - - - 84.2
OlmoEarth v1.2 ViT Nano 68.0 60.8 98.1 53.7 96.5 54.0 36.3 52.7 58.1 78.9 75 755 615 954 204 199 963 96.6 79.2 781 711 751 16.8 724 80.1
OlmoEarth v1.2 ViT Tiny 71.3 674 988 56.8 98.1 87.8 41.7 63.7 67.7 79.4 | 835 8.5 593 97.8 195 188 972 975 80.7 811 752 769 143 738 86.6
OlmoEarth v1.2 ViT Small 72.0 66.5 99.0 56.5 98.2 95.8 44.0 64.7 69.7 79.8 | 83.0 820 620 979 194 190 975 97.7 783 802 756 819 142 759 875
OlmoEarth v1.2 ViT Base 73.0 70.8 99.1 56.1 983 825 435 65.8 75.8 80.5 | 83.0 8.0 602 97.1 19.1 183 975 97.6 81.6 825 748 783 145 759 873
OlmoEarth v1.3 ViT Base + P | 73.3 66.5 99.0 553 98.0 80.5 444 65.7 72.3 79.7 | 84.5  T79.5 629 97.7 18.4 185 975 97.7 787 80.7 719 79.0 162 70.6 84.8
OlmoEarth v1.3 ViT Base 727 684 99.0 527 985 81.0 42.7 64.1 74.6 80.5 | 86.5 85.5 65.6 973 19.1 181 975 978 773 783 747 795 146 757 815

Table 4 Finetuning results on research benchmarks and partner tasks. Due to resource constraints, we do not fine-tune
large models on all tasks. We run v1.3 with the Attention Pooler (“+P”) and without. We highlight which ViT Base
model wins between v1, v1.2, and v1.3.

In spite of the additional parameters introduced by the Attention Pooler (as well as from the supervision
heads and the distillation losses” MLPs), OlmoEarth v1.3 is considerably cheaper to train than OlmoEarth v1
or v1.2 while matching the previous models’ performances.

The Attention Pooler lets us produce 10m embeddings at different encoder patch sizes, balancing performance
and inference cost. Encoder patch size 2 keeps nearly all of patch size 1’s performance while reducing inference
costs by 7.8X. This is the configuration we use to compute global embeddings, described below.

4 Creating & Serving Global Scale Embeddings

Computing embeddings over the whole Earth is expensive. Alongside the OlmoEarth v1.3 weights we release
a precomputed embedding dataset, readable directly from object storage: 128-dimensional int8 vectors at
10 m resolution, one per pixel per reference year.

Like the evaluations in Section 3.1, embeddings are computed using Sentinel-1, Sentinel-2 and Landsat-8/9.
Each year is split into twelve 30-day periods ending on January 1 of the following year, and for each modality
and period the scenes covering a window are composited into one mosaic by first valid pixel, least cloudy first
for Sentinel-2 and Landsat, giving 12 timesteps per modality.

Embeddings are annual, each computed from one calendar year of imagery. A Zarr array’s shape is fixed
when it is created, so the store holds one slot per year from 2017 to 2025 from the start; each year is filled
independently, and a year not yet computed takes no storage. The coverage area is the union of three things:
land; full-resolution shorelines, which keep barrier islands and atolls; and water that all three modalities
observe consistently, which we take to be at least 11 months in at least 7 of the years 2017-2025 and which
selects most of the coastal zone. A window touching that area is then computed in full, water included. The
grid follows the UTM system, which spans 80°S to 84°N. Within it, the coverage area runs from 59.5°S to
83.6°N and does not include Antarctica.

Embeddings for 2025 cover it globally. 2024 and 2023 are near-global, with the remaining regions being filled
now, and 2017-2022 cover selected countries and are in progress over the same extent. We are still computing
embeddings, so the coverage described here is a snapshot; the dataset publishes a coverage layer of the extent
each year will reach when complete.
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Figure 8 Layout of the OlmoEarth embedding dataset. Each UTM zone is one Zarr array over (reference year,
embedding dimension, northing, easting) at 10 m, sparse so unwritten regions cost nothing. A shard is the unit of
storage and is pinned to one inference window, so a window writes exactly one object and concurrent writers never
contend. A chunk is the unit of transfer; chunking the embedding axis at 64 means a Matryoshka read of the first 64
dimensions fetches one chunk rather than two.

4.1 Inference at scale

Inference is embarrassingly parallel over space and time, so the pipeline is organized as a work queue. We tile
each UTM zone, discard tiles that fall outside the zone or touch none of the coverage area, and enqueue the
rest onto a Beaker [10] queue as independent work units, each an 8192 X 8192 pixel block for one reference
year. A block is split into 2048 X 2048 windows, and every window that touches the coverage area is computed
in full, water included. A supervisor keeps the queue filled and the worker pool at its target size; workers
claim units, materialize the imagery they need, run the model, and write results directly into the store.

The model runs at patch size 2 with 10 m output (Section 2). Each window is split into 480 X 480 pixel crops,
each a single forward pass; adjacent crops overlap by 32 pixels and each keeps 16 of them at a shared edge.
Workers run on NVIDIA H100 nodes and complete a full unit in a median of 30 minutes, or roughly 0.5
GPU-hours per unit. To add capacity we also run workers on NVIDIA A100 (40 GB) virtual machines on
Google Cloud, which take units from the same queue and write to the same store. A 480-pixel crop does not
fit in 40 GB, so these workers use 384-pixel crops; on the same windows their output matches the H100 output
at a mean cosine similarity of 0.9999. An A100 completes a full unit in a median of 84 minutes. Throughput
scales with the size of the pool.

Each work unit is idempotent: a completion marker is written only after its embeddings land, and enumeration
skips units already marked, so the build is interruptible and resumable. Over a multi-day run workers are
preempted and occasionally hang, and none of that costs more than the units a worker holds at the time.

Materializing a unit’s imagery is network-bound and takes minutes, so each worker overlaps it with inference.
The queue lets a worker hold two units at once: while the GPU runs one, a separate process downloads the
next unit’s imagery to local disk, and inference on that unit then reads from disk. Only download time that
outlasts the inference ahead of it adds to a unit’s time. On H100 workers, a unit’s time grows with the number
of windows it writes, at 1.9 minutes per window plus about 2 minutes per unit.

4.2 Removing tiling artifacts using Searchlight

A common challenge when producing maps from ViT-based models is tiling artifacts. Pixels at the edge
of input crops have less spatial context, and that context is biased in a certain direction; this can create
discrepancies between neighbouring pixels which were processed by different crops (Figure 9).

To address this issue, we run inference using Searchlight, producing artifact-free embeddings. Searchlight
inference uses neighborhood attention [11], which lets it run on inputs much larger than those seen during
training, since compute cost grows only linearly with input size. It also reduces tiling artifacts by making
inference translation-invariant: apart from boundary effects, the model applies exactly the same operation at
every pixel. Instead of passing batches of crops to the model, we instead pass a single, large “domain” to the
model. We then apply an attention mask such that every pixel sees the 16 X 16 window centered around it,
effectively mirroring the case where it is the center pixel of a 16 X 16 window.
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S2 Tiled Inference Searchlight inference

Figure 9 Tiled inference — even with significant overlap between crops — introduces artifacts between crops, especially
on homogeneous areas like water. These artifacts disappear when using searchlight inference.

Searchlight introduces attention (neighborhood vs full) and input size (large vs small) discrepancies between
training and inference. To ensure this does not negatively affect embedding quality, we measure PASTIS
performance using tiled inference and Searchlight inference. PASTIS validation mIoU remains stable (we
obtained 60.43 using Searchlight and 59.80 using tiled inference).

4.3 Seamless windows

No margin 48 px margin

Figure 10 Dissimilarity between adjacent pixels where four inference windows meet (bright is a boundary). Without
a margin the window edges show as a faint cross; with a 48-pixel margin they disappear and field boundaries are
unchanged.

Searchlight removes seams between crops, but each 2048 X 2048 window is still run on its own, so pixels at
its edge see context from one side only and a faint seam remains every 20.48 km (Figure 10). We therefore
materialize and run each window with a 48-pixel margin on every side and write only its central 2048 X 2048
pixels, so shards and the write path are unchanged. The mean cosine similarity between pixels adjacent across
a window edge, relative to adjacent pixels just inside it, rises from 0.960 to 0.994 (median over six edges at
three sites), while window interiors are unchanged (cosine similarity = 0.9999). A 112-pixel margin gives no
further gain, and 48 pixels adds 9.6% to the pixels computed per window. 2025, most of 2024 and a small
part of 2019 and 2023 were built before the change, so each block records its margin in its completion marker
and provenance.

4.4 Dataset layout

The embeddings are a Zarr v3 store with one array per UTM zone over (year, dimension, northing, easting).
It uses the sharding codec, which packs many chunks into a single storage object. Each zone is held in its
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northern CRS (EPSG:326NN) with a northing axis continuing below zero south of the equator, so one array
spans the full UTM range, 80°S to 84°N, with coordinates monotonic across the equator (Figure 8). The
conventional alternative pairs each northern CRS with a southern one (EPSG:327NN) whose northing restarts
at 10,000 km at the equator, so any read crossing it would have to join two arrays.

Shard size is pinned to the inference window at 2048 X
all 128 dims, 2 chunks

2048 pixels, which makes the write path lock-free by

construction: one window produces exactly one object, I ©osMB
owned by exactly one worker, so hundreds of writers first 64 dims, 1 chunk

proceed with no coordination and no partial-object 3.04 MB

states.

measured on the wire; 4.19 MB
per chunk once inflated

Within a shard we chunk at 256 X 256 pixels under
Zstandard level 3, chosen by measuring bytes moved
over the network across a sweep of layout variants. A
chunk is the smallest unit the store can transfer, and
compressed chunks are not seekable, so a single-pixel
query still moves the whole chunk containing it, roughly
3MB. That is cheap occasionally but wasteful in bulk, so the store is built for area reads.

Figure 11 Bytes transferred to read one 256 X 256 tile of
embeddings. Because a whole chunk is the smallest unit
the store can move, reading the Matryoshka [...,:64]
prefix costs half of the full 128 dimensions rather than
the same.

Chunking also decides whether a nested embedding [16] is cheaper to read and not just to store: a prefix
saves bytes only when the dimensions beyond it sit in a different chunk. We chunk the embedding axis at 64,
the narrowest width the model is trained to emit (Section 2.3), so reading [...,:64] fetches one chunk instead
of two and moves 3.04 MB instead of 6.05 MB per tile (Figure 11).

The store follows the geoemb embeddings-zarr convention,4 and records model identity, sources and quantization
parameters as attributes, so any byte is traceable to the code that produced it.

4.5 Quantization

Embeddings are stored as int8 using a signed-power scheme [3]. Writing s = 127.5 for the scale and v = % for
the exponent, a float value x is encoded and recovered by

0 =[5 sen(@) 1o

where | - ] rounds to the nearest integer and [ - ]5 clamps to [a,b]; the value —128 is reserved as nodata.
We quantize the output as emitted rather than L2-normalizing it, which would discard magnitude that
downstream classifiers use; in practice nearly all coordinates of the student head’s LayerNorm output fall
inside the scheme’s [—1, 1] range, and the clamp handles the rest. Median cosine similarity between a float
embedding and its dequantized form is 0.99997.
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4.6 Provenance

Each block writes a provenance record beside its completion marker. For every window and modality it lists
the scenes composited into each 30-day mosaic, in compositing order. Each record also carries the window’s
materialized bounds and its margin. Each scene is resolved to the public source its imagery was read from:
Sentinel-1 RTC and Sentinel-2 L2A from Microsoft Planetary Computer, and Landsat Collection 2 from
Google Cloud’s public Landsat bucket, with its ESA or USGS product name. We release these records as
GeoParquet tables per reference year: one row per window, one per scene in each 30-day mosaic, and one
per scene with its acquisition time and footprint. For 2025 that is about 450,000 windows, 21 million mosaic
entries and 730,000 scenes, in 150 MB.

4.7 Distribution

Hosting and serving the dataset is a significant challenge in its own right. At 10m, 128 int8 dimensions per
pixel come to roughly 150 TB per reference year at global coverage, well over a petabyte across 2017 to 2025,

4https://github.com/geo—embeddings/embeddings—zarr—convention
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and the dataset is meant to be read directly from object storage by anyone, at any scale. We are very grateful
to Source Cooperative, which hosts the dataset and serves it openly to the community.”

The store is read directly through Source Cooperative’s S3-compatible endpoint with any Zarr client, with no
API key or tile server needed. Worked examples ship with the dataset.

4.8 Interactive exploration

We also publish a browser application at https://olmoearth.allenai.org/embeddings, which shows the
false-color layer of Section 4.9 as a web map and runs simple analyses on the embeddings themselves, such as
finding places similar to one the user clicks or clustering an area they draw. Any result can be exported as a
Python script that reproduces it against the dataset.

4.9 False-color visualization

Embeddings are not directly viewable, so the explorer shows a false-color rendering: a PCA basis fitted on
a stratified sample, projected to three components as a uint8 RGB raster. Three components capture only
a fifth to two fifths of local variance, so this is a visualization and not a reduced-dimension version of the
embeddings. It is not part of the released dataset. It lives in its own store, reprojected from the embeddings’
UTM grid to Web Mercator (EPSG:3857) on the standard XYZ scheme, so a pyramid level is a web-map
zoom level and a client reads a bounded number of chunks at any extent.

5 Environmental Impact

5.1 Pretraining

We use the same technique as OlmoEarth vl and OlmoEarth v1.2 to measure the pretraining cost of the
OlmoEarth v1.3 model (Table 5). As with OlmoEarth vl and OlmoEarth v1.2, this estimate represents a
lower bound since it does not account for hardware manufacturing, transportation, etc. We significantly
decreased the pretraining cost of OlmoEarth v1.3 compared to OlmoEarth v1.2 (and therefore OlmoEarth
v1). Compared to OlmoEarth vl / v1.2, pretraining OlmoEarth v1.3 Base required 18% / 53% of the GPU
hours, and emitted 22% / 50% of the tCOseq.

Energy Carbon Water
Model Size Hardware GPU Hrs (kWh) (tCOseq) (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 v1.2 | Nano ~ HI100 1,151 191 0.09 0.30
OlmoEarth v1.2 | Tiny H100 1,132 225 0.10 0.35
OlmoEarth v1.2 | Small ~ H100 1,253 265 0.12 0.41
OlmoEarth v1.2 | Base H100 1,012 317 0.14 0.49
OlmoEarth v1.3 | Base H100 539 161 0.07 0.25

Table 5 Approximate environmental impact of pretraining OlmoEarth v1, v1.2 and v1.3.

5.2 Computing embeddings

Computing global annualized embeddings dwarfs OlmoEarth v1.3’s pretraining costs. One year of global
embeddings costs approximately 14,000 H100 hours (as noted in Section 4.1, our inference mixes H100s and
A100s, so this is an estimate). This is = 26X the pretraining cost per year of annualized embeddings.

We selected patch size 2 for inference as a balance between performance and compute cost (Section 3.1.2).
Anyone generating embeddings locally who is limited by compute can produce 10m embeddings using an
encoder patch size of 4 for roughly 5X less compute, at the cost of slightly lower performance (Pastis validation
mloU drops from 59.8 at patch size 2 to 58.6 at patch size 4).

5https ://source.coop/olmoearth/olmoearth-vi-3-embeddings
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6 Discussion

Our mission with OlmoEarth is to make it easy to get high quality insights from Earth Observations.
Embeddings play an important role in this mission, allowing practitioners to quickly and cheaply explore
our changing planet. OlmoEarth v1.3 contributes in two ways; by halving pretraining costs, we hope more
researchers can investigate geospatial foundation modelling, and by precomputing embeddings we hope it
becomes easier for anyone to make high quality maps without running the model at all.

We release annualized embeddings at a 10 m resolution: global for 2025, near-global for 2023-2024, and for
selected countries for 2017-2022. Users can download either the full 128-dimensional embeddings, or the 64-
dimensional prefix. Many tasks require more specific time ranges; for such tasks, we point users to OlmoEarth
Studio (https://olmoearth.allenai.org/platform), which runs the same model over user-chosen time
windows. OlmoEarth v1.3 can also be run locally to make embeddings independently on local compute.

We release OlmoEarth v1.3 and the embeddings under the same “OlmoEarth Artifact License” as OlmoEarth
vl and v1.2. This open license restricts use for military, defense-related, and extractive industry applications.
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A Full kNN / LP results

Table 3 compares OlmoEarth-Base models to "best non-OlmoEarth models". We share the full results in
Table 6.
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Time series X x X X X 4 v [4 (4 [4 (4 v X X (4 (4 X X (4 [4 (4 (4 v v
Method kNN kNN kNN kNN kNN LP LP LP LP LP LP LP LP LP LP LP LP LP | kNN kNN kNN kNN kNN kNN

Model Metric pF1  Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. mIOU mIOU mIOU mIOU mIOU mIOU | Acc. Acc. Acc. Acc. Ace. Ace.
Anysat [1] ViT Base 545 36.5 77.0 340 776 62.7 57.0 741 723 69.6 784 745 246 272 24.2 41.9 413 778 | 60.0 60.0 64.0 474 20.5 558
Clay [4] ViT Large 48.8 38.7 928 403 86.1 57.0 56.7 66.5 634 784 670 673 308 231 199 226 475 789 | 595 61.5 56.5 522 234 57.0
CopernicusFM [31] ViT Base 64.6 50.3 91.2 - 91.4 655 551 728 744 775 758 706 32.2 28.4 159  32.1 63.9  77.6 - 59.0 67.0 - 244 59.8
CROMA [7] ViT Base 61.3 51.3 94.0 - 93.1 743 751 768 80.7 765 249 303 263 447 604 788 - 67.5 79.0 - 24.6 68.2
CROMA [7] ViT Large 59.2 482 919 - 93.6 727 710 794 765 81.0 270 304 259 427 664 788 - 62.5 T71.0 - 26.1 68.2
DINOv3 [22] ViT Base 51.0 47.1 91.3 433 86.6 64.5 - - 67.0 - 23.5 26.7 - 18.1 53.5 - 48.5 - 61.0 425 - 54.1
DINOv3 [22] ViT Large 55.8 453 89.9 46.0 84.0 66.1 - - 68.3 - 24.5 26.1 - 174 524 - 43.5 - 60.5 39.9 - 49.8
DINOv3 [22] ViT Huge+ 57.0 45.7 882 46.9 86.1 68.7 - - 68.3 - 25.1 26.7 - 174 48.1 B 47.5 - 54.0 435 - 55.4
DINOv3 [22] ViT 7B 60.8 46.6 91.3 48.0 85.2 68.7 - - 70.9 - 34.3 27.9 - 21.1 52.2 - 47.5 - 57.0 447 - 56.7
DINOv3 Sat [22] ViT Large 60.2 440 914 442 89.2 70.1 - - 68.6 - 32.4 28.5 - 22.5 57.5 B 42.5 - 69.5 355 - 48.4
DINOv3 Sat [22] ViT 7B 61.6 50.1 914 47.0 913 72.2 719 - 54.1 317 - 26.3 59.7 - 49.5 68.5 31.8 - 42.5
Galileo [26] ViT Nano 55.0 53.7 916 - 91.5 4.4 703 781 212 19.5 19.2 19.1 53.1 78.6 - 65.5 67.5 - 244 64.2
Galileo [26] ViT Tiny 55.8 53.1  90.7 - 93.1 80.3 788 771 23.6 21.5 23.4 27.7 61.1 78.6 - 65.5 710 - 25.0 66.7
Galileo [26] ViT Base 583 55.7 885 - 94.3  69.7 60.9 819 80.1 775 289 25.3 28.0 39.6 68.4 79.4 - 66.5 72.5 - 26.8 67.3
Panopticon [30] ViT Base 64.9 60.5 941 523 95.0 57.7 559 75.9 729 765 327 27.3 23.7 30.2 66.1 780 | 66.0 65.0 715 604 229 652
Presto [25] ViT Nano - - - - - 60.9 59.3 743 81.4 725 - - 16.3 282 - - - 60.5 53.5 - 25.2 57.6
Prithvi v2 [23] ViT Large 53.8 426 903 379 822 66.2 - 72.0 719 - 51.1 27.3 - 37.2 55.6 - 57.0 - 55.5  57.7 - 59.3
Prithvi v2 [23] ViT Huge 521 39.5 89.9 414 812 66.1 - 7.7 - - 69.9 - 49.2 29.7 - 37.5 58.2 - 59.0 - 55.0 57.9 - 55.9
Satlas [2] Swin Base 523 445 919 369 89.1 646 574 713 - 76.8 T75.8 - 30.6  24.0 10.5 144 302 729 | 575 52.0 62.0 5 25.1 60.2
TerraMind [15] ViT Base 63.9 46.7 929 - 91.4 664 57.0 751 756 742 748 775 46.0 304 227 409 660 787 - 66.0 69.5 - 24.7 64.2
TerraMind [15] ViT Large 63.9 474 929 - 90.9 682 562 747 720 752 778 752 504 312 223 413 675 784 - 62.0 67.0 - 23.3  65.3
OlmoEarth v1 ViT Nano 59.5 543 947 388 91.7 641 58.0 79.5 743 735 81.7 837 255 23.6 18.1 35.0 552 782 | 73.0 615 69.5 57.7 248 674
OlmoEarth v1 ViT Tiny 59.4 61.8 933 405 93.7 640 583 78.6 803 758 85.6 824 247 232 21.4 401 58.6 785 | 75.5 64.0 76.0 60.7 24.7 69.0
OlmoEarth v1 ViT Base 62.4 67.7 943 419 955 709 568 734 754 801 873 820 323 289 297 50.6 672 792 | 77.0 685 775 67.9 26.5 747
OlmoEarth vl VIT Large 62.0 68.2 965 41.6 96.4 70.7 56.6 741 761 67.6 781 79.7 309 285 306 518 664 79.8 | 76.0 66.5 73.0 664 26.2 73.6
OlmoEarth v1.2 ViT Nano 59.5 55.3 948 385 914 675 637 775 802 739 794 827 268 224 22.5 35.9 58.1 787 | 715 64.0 715 669 259 710
OlmoEarth v1.2 ViT Tiny 61.7 588 926 399 938 70.6 59.2 77.6 80.0 745 82.0 794 271 24.4 24.9 45.3 63.0 787 | 74.0 645 76.0 679 284 67.3
OlmoEarth v1.2 ViT Small 64.8 65.7 91.8 444 945 791 59.0 79.1 781 735 83.0 804 285 26.7 28.3 50.7 61.3 793 | 77.0 69.0 745 672 297 732
OlmoEarth v1.2 ViT Base 65.5 67.3 947 454 950 733 582 76.7 77.7 748 814 810 296 32.0 311 54.2 67.2 789 | 745 680 750 65.7 28.1 739
OlmoEarth v1.3 ViT Base + P | 65.9 554 953 373 941 709 571 765 769 745 771 797 289 277 31.4 575 517 79.5 | 73.0 65.0 76.0 66.4 27.0 715
OlmoEarth v1.3 ViT Base 66.1 58.2 96.8 41.7 934 732 624 77.7 783 729 820 80.1 29.1 328 326 544 671 79.3 | 720 67.0 76.0 674 285 77.6

Table 6 kNN/Linear probe results on research benchmarks and real-world partner tasks. Not all models can run on
all tasks due to incompatible input modalities. We run v1.3 with Attention Pooling (“+P”) and without. We highlight
which ViT Base model wins between v1, v1.2, and v1.3.
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