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ABSTRACT

Pixel-wise Earth-observation (EO) foundation models are now achieving state-of-
the-art performance via generated spatial embeddings. However, how these models
scale and how best to spend a pretraining budget remain poorly understood. We
present the largest controlled scaling study for EO to date: 395 training runs on
1,024 GH200 superchips within a fixed pixel-wise BARLOW TWINS family, each
evaluated on 15 downstream tasks. We find that pretraining loss barely predicts
downstream performance (|Pearson r| < 0.2), so selecting models by loss wastes
a large share of the compute. We also find that, as the training budget grows,
the encoder and the data should grow together while the projector stays fixed,
which gives a simple rule for allocating compute. Using this rule, we train a
family of pixel-wise models (0.5B and 1B, with a 2B model in training) and distill
them into compact students for embeddings-as-data deployment. The 21-million-
parameter distilled TESSERA v2-1B-M in aggregate outperforms all open and
proprietary models tested, some of which are orders of magnitude larger. These
students produce MATRYOSHKA representations that are inexpensive to serve: a
16-dimensional prefix keeps 92% of the full 128-dimensional performance at 1,/8 of
the storage. Upon completion of training we plan to release v2 global embeddings
covering 2017-2025. Together, these results give a concrete, empirically grounded
recipe for scaling pixel-wise EO foundation models: train large encoders, select by
downstream performance, and distil into flexible student models. All code will be
released at https://github.com/ucam-eo/tessera.

1 INTRODUCTION

The main bottleneck in using Earth observation (EO) for downstream tasks is preparing the data:
radiometric calibration, cloud and shadow masking, cross-sensor harmonisation, and expensive
computation over raw imagery. Beyond this preparation, the ground-truth labels these tasks need are
often scarce and tied to specific regions and seasons (Metcalfe et al., 2025; Hou et al., 2026). The
data itself is awkward in ways natural images are not: Sentinel-2 and Sentinel-1 observe a given
pixel at different, irregular cadences, cloud removes much of the optical record (Figure 1a), and the
cloud-free composites most models train on remove the phenological dynamics that downstream
tasks depend on (Zeng et al., 2020; Xiao et al., 2025). Lowering these barriers requires a reusable
representation layer for global surface state, delivered as spatially mapped data.

Earth embeddings are vector representations of specific places and times that compress and fuse
multi-source observations (Klemmer et al., 2025; Fang et al., 2026). Provided at global scale, in the
‘embeddings-as-data’ approach, these representations free analysts from the onerous acquisition of
heterogeneous raw data, the need for remote-sensing expertise, and from user-side GPU compute.
With task-specific heads, they have been shown to match, and often exceed, task-specific models.

An ideal embedding product should satisfy at least the following five desiderata. It should be analysis-
ready, giving users a geospatial data layer they can work on directly, without processing raw imagery
or running GPU inference. It should be transferrable, so that the representation carries across tasks
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Figure 1: Overview of TESSERA v2. (a) Sparse, irregular Sentinel-2/Sentinel-1 sampling at one
location. (b) 395-run downstream-driven scaling sweep and compute-optimal fits; inset: pretraining
loss vs. downstream score. (¢) MATRYOSHKA distillation of the 1 B teacher into N/S/M/L students,
d € {16,32,64,128}. (d) Artefact removal and inter-annual stability vs. vl. (e) Deployment
via GEOTESSERA. (f) Leading composite performance across the 29-task full suite (15 shared
ALPHAEARTH suite tasks + 14 held-out datasets). Radars show per-task scores on the shared
(left) and held-out (right) tasks; bars give the 29-task composite (TESSERA v2-1B-M, shades
d € {16, 32,64, 128}) and encoder size. TESSERA v2 leads at 0.611, clearly ahead of all three
baselines.

and workflows (classification, regression, change detection, high-resolution mapping, etc.) rather
than being tuned to only one benchmark or region (Klemmer et al., 2025; Lyu et al., 2026). It
should be reproducible, letting users inspect, compare, and extend the released artifacts rather than
download opaque outputs. It should be economical in the resources that limit EO adoption, namely
labels, training compute, inference compute, storage, I/O, and engineering time. Finally, it should
offer adaptivity, an explicit characterisation of the trade-off between accuracy and computational
(or economic) cost, so that users are not locked into a single model size or a single embedding
dimensionality.

Measured against these criteria, every existing system leaves a gap. Remote-sensing foundation
models (Cong et al., 2022; Reed et al., 2023; Fuller et al., 2023; Guo et al., 2024; Tseng et al.,
2024; 2025; Astruc et al., 2025) learn strong representations but release models rather than products,
so the preprocessing and inference burden stays with the user (Fang et al., 2026). Specialised
embedding archives are useful within their scope: ESD (Chen et al., 2026) compresses 25 years of
Landsat/MODIS reflectance into quantised 30 m embeddings, though its resolution, sensor scope,
and demonstrated evaluation breadth stop short of the specification above. ALPHAEARTH (Brown
et al., 2025) is analysis-ready at global scale but only open-output: the embeddings are public while
the training procedure and model weights are not (Hou et al., 2026), which limits inspection and
extension. TESSERA v1 (Feng et al., 2026) is open, pixel-wise, and label-efficient, yet it ships one
fixed 128-dimensional specification, so every user inherits the same storage and I/O budget regardless
of their deployment constraints. Each of these meets part of the specification. None is an open,
pixel-wise, analysis-ready family in which users pick the model size and embedding dimension that
fit their budget.

These product constraints reach back into training. If an embedding field is produced once, served
globally, and reused by many downstream users, then pretraining compute becomes part of the product
budget rather than an isolated modelling expense. The relevant question is not simply whether a
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larger backbone lowers a self-supervised loss, but which allocation of compute produces the most
useful representation per unit cost.

In the language and vision domains, that allocation comes from scaling laws fit to the pretraining
loss (Kaplan et al., 2020; Hoffmann et al., 2022; Zhai et al., 2022). The few existing EO scaling studies
either entangle architecture with capacity or fit power laws to the loss and defer the downstream
comparison (Dionelis et al., 2025; Wickrema et al., 2025). In EO the loss is a doubtful target, because
cloud and orbital sampling dominate input variance and a redundancy-reduction objective can be
minimised through invariances that carry no downstream value.

We therefore ran a downstream-driven scaling study: 395 controlled pretraining runs of pixel-wise
BARLOW TWINS (Zbontar et al., 2021) encoders (the backbone family of TESSERA v1),! each
evaluated on 15 downstream tasks. The result is a different scaling picture from loss-driven practice.
Pretraining loss turns out to be a weak proxy for downstream utility, and selecting models by loss
wastes roughly 254% of compute relative to downstream-driven selection (F1). The downstream-
optimal allocation instead puts additional budget into encoder capacity and training data while the
projector stays essentially fixed (F2). This yields a simple production rule: train a large encoder on
matched data, then recover deployment efficiency through distillation. The sweep is expensive, but
it is a one-off measurement of the production function of this model family: once the downstream-
calibrated allocation is known, larger teachers can be trained by rule rather than by repeated loss-driven
search.

TESSERA v2 follows this approach. We train a large pixel-wise Sentinel-1/2 teacher as a repre-
sentation distribution rather than a deployed artifact, and distil it into a family of compact students
(N/S/M/L). The students produce precomputed annual embeddings served through GEOTESSERA, so
users train lightweight heads on analysis-ready data instead of running a backbone. MATRYOSHKA
prefixes expose 16-, 32-, 64-, and 128-dimensional views of the same embedding, which turns storage
and I/O into a user-side knob. Across a 29-task suite (the 15-task ALPHAEARTH suite plus 14 further
held-out datasets), the distilled students lead every open and proprietary embedding product we
compare, the smallest prefixes keep most of the full-dimensional score, and the embeddings shed the
Sentinel acquisition artefacts visible in v1 (Figure 1d). This nested representation must be learned
through distillation rather than by adding prefix losses during self-supervised pretraining.

In summary, our contributions are:

1. Downstream-driven scaling for product-grade EO embeddings. Across 395 runs evaluated on
15 downstream tasks, we show that the pretraining loss is a poor selection target (F1) and fit a
compute-allocation rule (F2): additional pretraining budget should go to encoder capacity and
training data, not projector size.

2. A deployable pixel-wise embedding product family. Guided by this rule, we train large teachers
and distil them into compact N/S/M/L students whose annual Sentinel-1/2 embeddings are served
as analysis-ready data through GEOTESSERA, with the best composite score and mean rank on the
15-task ALPHAEARTH suite at a deployment cost two orders of magnitude below the teacher’s.

3. Storage-adaptive MATRYOSHKA embeddings. Each student exposes prefixes at d €
{16, 32, 64, 128} from one embedding, an accuracy/storage knob that needs no retraining. The
d=16 prefix keeps ~92% of the d=128 score at 1/s of the storage.

2 RELATED WORK

The present work builds on TESSERA v1 (Feng et al., 2026), which adapts BARLOW TWINS
redundancy reduction to cloud-corrupted EO time series following Lisaius et al. (2024). We reuse its
d-pixel formulation and pretraining recipe as the fixed model family for the scaling study.

EO foundation models. Remote-sensing foundation models pretrain spatial backbones on single-
time, often cloud-filtered patches with contrastive or masked-image objectives (Mafias et al., 2021;
Guo et al., 2024; Cong et al., 2022; Reed et al., 2023; Tang et al., 2023; Li et al., 2024; Noman et al.,
2024; Wang et al., 2022; Wanyan et al., 2024), and have grown into broader families (Sun et al., 2023;

!The sweep ran on 1,024 NVIDIA GH200 superchips McIntosh-Smith et al. (2024), each pairing a Grace
CPU with one H100 GPU (96 GB HBM3).
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Wang et al., 2023; Bastani et al., 2023; Schmude et al., 2024; Szwarcman et al., 2025; Mendieta
et al., 2023; Han et al., 2024; Wu et al., 2025; Luo et al., 2024; Zhu et al., 2025; Zhang et al., 2025).
Multi-sensor and multi-resolution models fuse optical and SAR or ingest many sensors at once (Fuller
et al., 2023; Yao et al., 2023; Xiong et al., 2024; Astruc et al., 2025; Perron et al., 2026; Tseng
et al., 2025). PRESTO (Tseng et al., 2024) processes per-pixel time series, and MOSAIKS (Rolf
et al., 2021) explored lightweight universal features. Two assumptions recur across these designs:
natural-image scaling intuition is inherited by analogy, and the model is deployed through per-task
fine-tuning of the backbone, which is compute- and label-intensive for EO users. We are not aware of
a controlled study of where additional compute should go given irregular revisits, cloud occlusion,
and label scarcity. Section 3 provides one for the pixel-wise BARLOW TWINS family.

Embedding products. A second line publishes precomputed, analysis-ready embeddings instead
of a backbone: TESSERA vl releases global annual 10 m pixel-wise int8 embeddings with the
GEOTESSERA retrieval library (Feng et al., 2026; Madhavapeddy et al., 2026), ALPHAEARTH
provides global annual 10 m embedding fields from many instruments (Brown et al., 2025), and
ESD (Chen et al., 2026) compresses 25 years of Landsat/MODIS reflectance into quantized 30 m
embeddings. The shared limitation is a fixed embedding specification: one dimension, one storage
and I/O budget for every user, and no coordinate ordering that would let a user truncate to a smaller
dimension without retraining or loss. TESSERA v2 keeps the paradigm and adds two degrees of
freedom: students at four sizes, produced by scaling-law-guided distillation, and MATRYOSHKA
prefixes d € {16, 32, 64,128} from a single embedding without retraining. Section 5 explains why
the ordering that makes these prefixes usable requires distillation rather than self-supervision alone.
Evaluating embeddings across such budgets has begun to attract dedicated benchmarks (Vinge et al.,
2025).

Scaling laws. Empirical scaling laws have shaped recent language and vision work (Kaplan et al.,
2020; Hoffmann et al., 2022; Zhai et al., 2022), and are typically fit to a self-supervised pretraining
loss on the assumption that the loss proxies downstream quality. This assumption can fail: in language
modelling the mapping from pretraining loss to downstream performance is sometimes noisy or
non-monotone, so a lower loss need not yield a better task model (Hu et al., 2025). The two EO
studies we are aware of do not test it directly. Dionelis et al. (2025) sweep architecture, size, and
data on PhilEO Bench but entangle architecture with capacity over a coarse grid, and Wickrema et al.
(2025) fit peta-pixel power laws to the validation loss in a data-limited regime that, as they note, is
confounded by under-trained large models, and defer the loss-vs-downstream comparison to future
work. Neither isolates encoder, projector, and data under matched compute. We isolate all three and
fit the compute allocation against task performance directly, evaluating every run on 15 downstream
tasks.

Distillation and nested embeddings. Knowledge distillation (Hinton et al., 2015) transfers rep-
resentations from a high-capacity teacher to a compact student. MATRYOSHKA representation
learning (Kusupati et al., 2022) produces nested embeddings whose prefixes work at multiple
dimensionalities. The two are rarely combined in EO, and rarely with attention to whether the
self-supervised objective can support nested coordinates at all. Our analysis shows that naive MA-
TRYOSHKA-BARLOW TWINS fails because redundancy-reduction objectives identify subspaces only
up to rotation. Distillation against a fixed teacher supplies the ordering signal that self-supervision
lacks.

3 DOWNSTREAM-DRIVEN SCALING LAWS

This section answers the allocation question: within a fixed architectural family, how should pre-
training compute be split between encoder size, projector size, and training data? The experiments
below describe the family we sweep, pixel-wise Sentinel-1/2 encoders pretrained with BARLOW
TWINS (Zbontar et al., 2021). Note that we do not advance them as universal EO scaling laws.

3.1 STUDY DESIGN

Architecture choice. Performance differences attributed to size or data are only reasonable when
the architecture is fixed. We therefore fix the architecture before scaling, sweeping seven structural
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axes (encoder microarchitecture, projector form, Sentinel-1/Sentinel-2 fusion, temporal aggregation,
cloud handling, sequence length, and at what point MATRYOSHKA nesting is introduced) one at a
time and selecting by aggregated downstream score. The selected configuration is held fixed for the
entire scaling sweep.

Controlled sweep. With architecture fixed, we pretrain 395 models on 1,024 H100 GPUs in an
is0-FLOP-style grid over encoder size Ney (16 widths, 7-278 M), projector size Npy,; (four widths),
and training data D (0.03-9,984 M d-pixels). At each compute level, the compute-optimal size is the
vertex of a quadratic fit in log N. The compute axis is

C =12D (Nenc Lyer + Nproj)a Lys = 2407 (D

where the constant 12 = 6 x 2 is the textbook 6N D factor (two FLOPs per multiply—add, threefold
forward-plus-backward) times the two BARLOW TWINS augmentation views per step, and L,.r is a
nominal annual sequence length common to all runs.

Downstream evaluation. Every pretrained model is evaluated on 15 ALPHAEARTH suite tasks
drawn from 10 source datasets (classification, segmentation, change detection, regression), with
chance-adjusted metrics: (balanced accuracy — 1/K)/(1 — 1/K) for classification and max(0, R?)
for regression. The per-task scores average into one composite downstream score, the y-axis of
Figure 2. On the same suite, TESSERA vl scores 0.541 and ALPHAEARTH 0.560. Both are
baselines in Figure 2a—c. Both baselines are full-budget production systems, whereas the sweep
grid deliberately spans many small, data-limited configurations in order to trace out the compute
frontier; most individual runs therefore fall below the baselines, while the upper envelope of the
sweep approaches them. For every run we also record the converged BARLOW TWINS loss on
held-out d-pixels, normalised so that runs with different projector widths are comparable.
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3.2 FINDING 1: THE PRETRAINING LOSS IS NOT A GOOD PREDICTOR OF DOWNSTREAM TASK
PERFORMANCE

Across the 395 runs, the converged BARLOW TWINS loss and the composite downstream score
are nearly independent (Figure 2a; Pearson r = —0.18, Spearman p = —0.16). Clouds and orbital
sampling dominate the per-sample variance without being downstream-relevant, and a redundancy-
reduction objective can be minimised through invariances orthogonal to the physical processes
downstream tasks depend on. The consequence is quantitative, not just statistical: fitting separate
power laws through loss-selected and score-selected bucket peaks, loss-based selection needs roughly
254% more compute to reach the same downstream score. EO scaling laws must therefore be fit
against downstream metrics. F1 prices the alternative.

3.3 FINDING 2: ENCODER SIZE AND DATA REQUIREMENTS SCALE WITH COMPUTE; THE
PROJECTOR DOES NOT

We group runs into nine iso-FLOP buckets and fit, within each, a quadratic in log N whose vertex is the
compute-optimal size at that budget. Encoder vertices shift right as compute grows (Figure 2b), while
projector vertices stack along a vertical line (Figure 2¢). Power-law fits through the vertices (Figure 2d)
give N2, oc C°36 (95% CI [+0.29, +0.45]), D* oc C°63 ([+0.53,+40.70]), and NJroj C0-00
([—0.03, +0.08]). Two observations. First, 0.36 +0.63 = 1 (precisely 0.99), recovering the C' o< N-D
balance of Hoffmann et al. (2022) without it being assumed by the fitting procedure, an internal
consistency check on the sweep. Second, the projector exponent is statistically indistinguishable
from zero: the compute-optimal projector size does not grow with compute. Encoder capacity, not
projector capacity, is the load-bearing scaling axis.

From findings to a recipe. Since encoder capacity and data are the axes that absorb compute and the
projector is compute-invariant, the compute-optimal use of a large budget is one oversized encoder
trained on correspondingly more data, with the projector held near its optimum as a disposable
training scaffold. Deployment flexibility, in model size and embedding dimension, is then recovered
through distillation. Section 4 trains the large teacher at the upper end of the swept regime. Section 5
distils it into a compact student family.

4 A PIXEL-WISE TEMPORAL TEACHER

This section focuses on pretraining using a single large encoder. Figure 3 summarises the design.
Relative to TESSERA v1 (Feng et al., 2026), TESSERA v2 adds multi-scale temporal pretraining,
adaptive full-observation inference, a unified all-Transformer architecture with cross-modal fusion,
and scaling-law-guided distillation into MATRYOSHKA students (Section 5). We discuss these
innovations in more detail next.

Inputs. A d-pixel at location (4, j) is the time series of all Sentinel-1 and Sentinel-2 observations at
that 10 m pixel over one year, with a binary mask marking valid timesteps (cloud-free for Sentinel-2,
present for Sentinel-1) (Feng et al., 2026). This preserves the full temporal phenology while tolerating
cloud occlusion and/or irregular revisits.

Architecture. The teacher is a 1 B dual-branch pixel-wise encoder (Figure 3a). Each modality
branch linearly embeds its valid observations, adds a sinusoidal day-of-year positional encoding,
runs a four-layer Transformer, and aggregates the variable-length sequence by learned attention
pooling. A two-layer fusion Transformer then combines the two modality tokens into one embedding
t € RIT, dp = 768, followed by a final affine-free LayerNorm (no learnable scale or shift). A
batch-normalised projector is also used, but only during pretraining. dr deliberately exceeds the
student’s 128: this leaves room for compression, and the prefix heads of Section 5 map student
prefixes into the teacher’s space. The encoder is larger than any point in the Section 3 sweep (which
tops out at 278 M); following the recipe, we extrapolate its C%-3¢ encoder law to the 1 B teacher,
whose training compute is measured on the same axis (Equation (1)).

Objective and training. Similar to TESSERA v1, we train using BARLOW TWINS over two
temporally subsampled views, with an additional mix-up consistency regulariser (Bandara et al.,
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Figure 3: TESSERA v2 architecture. (a) Pretraining: two views per d-pixel at random length
L {8, 16}, per-modality Transformers with day-of-year encoding, cross-modal fusion, and BARLOW
TWINS + mix-up. (b) Distillation: MATRYOSHKA prefix heads at d € {16, 32, 64, 128} reconstruct
the frozen teacher embedding. (c¢) Inference: each pixel’s k valid observations are packed into the
smallest bucket B* > k, with residual slots filled by midpoint resampling.

2023) and global shuffling of d-pixels across tiles. Unlike v1’s single fixed sample length, at every
step the view length is a random L ~ Uniform{8, 16}, so each view is a sparse random subsample of
the year that forces the encoder to recover annual phenology from few observations. At inference
we instead pass all valid observations (Section 4): the encoder is given strictly more evidence about
the same phenology, each placed at its true day-of-year and aggregated by length-agnostic attention
pooling, rather than a longer out-of-distribution input. Whole modalities are also dropped with
small probability, which doubles as the training signal for the inference case of a pixel with no valid
observations in one modality (e.g. a persistently clouded pixel with zero Sentinel-2).

The teacher is pretrained for a single epoch over ~4.2 billion d-pixels at a global batch size of
131,072 on 512 GPUs under FSDP in bf16.

The teacher as a distillation target. Given its large size, we expect most users cannotrun a 1 B
pixel-wise encoder over global Sentinel-1/2 even once, let alone on a recurring basis. The scaling
laws say where to spend pretraining compute: on a large encoder (Section 3). What users can afford to
serve is something much smaller, set by the recurring cost of global inference. The teacher is therefore
the right model to train but the wrong one to deploy, so we treat the frozen teacher 7 : P; j — tasa
fixed representation distribution (the distribution of target embeddings it induces over d-pixels) and
obtain every deployed artifact by distilling against it (Section 5).

Adaptive bucket sampling at inference. The number of valid observations & varies from a handful
in heavily clouded regions to roughly a hundred in clean ones, yet batched inference wants fixed-
length inputs. Where TESSERA v1 sampled a fixed L =40 timesteps—discarding observations when
k> L and bluntly duplicating when k¥ < L—TESSERA v2 packs each pixel into the smallest bucket
from the ladder {16,32,48, ...} that fits all k observations, filling the residual slots by midpoint
resampling across the year (Figure 3c). No observation is discarded, and a batch still partitions into a
few fixed-length groups that run in parallel.
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S DISTILLING A DEPLOYABLE STUDENT FAMILY

We expect users to use our embedding as data: consuming precomputed annual pixel embeddings
with lightweight task heads, without running a backbone (Feng et al., 2026; Brown et al., 2025). The
teacher, however, is too computationally expensive to support this, since running a complex teacher
for all land areas on earth would be extremely expensive. Instead, we adopt the well-known idea of
distillation to reduce the cost of inference.

Inference cost for one global, annual, 10 m Sentinel-1/2 pass follows a near-linear power law in
encoder parameters, GPUy(N)=0.041 N'-93 H100-years for IV in millions. The 1 B teacher costs
roughly 50 H100-years per global pass. In contrast, the students cost 0.04 to 2 H100-years, two
orders of magnitude lower. Note that, even with lower inference costs, embedding users still need
to download and pay for storage in proportion to embedding dimension. We therefore provide
MATRYOSHKA prefixes to reduce this cost.

Student family. We distil the teacher into four students of the same architectural form at different
capacities: TESSERA v2-1B-L (44 M, for provider-side global inference), M (21 M, a balanced
default), S (7 M, low-resource), and N (1 M, edge and on-device). Each emits a 128-dimensional
embedding and differs only in backbone width and depth. Distillation uses ~200 million d-pixels on
64 H100 GPUs.

MATRYOSHKA distillation objective. For each prefix length k € K = {16, 32, 64, 128} we attach
a linear head hy, : R¥ — RYT, used only during distillation, and train the student against the frozen
teacher embedding ¢ with

ﬁDIST(S;t) = Z(l 7COS(hk(81:k), t)) (2)

ke

Each prefix is supervised to reconstruct the full teacher embedding, which makes it a rate—distortion
code for ¢ rather than a copy of the teacher’s first k£ coordinates. At inference the user takes any prefix
s1. directly. Because the teacher is frozen, we run it over the distillation corpus once and cache the
targets, so distillation compute is spent almost entirely on the student.

Nesting through distillation, not pretraining. We found that the obvious alternative, adding
prefix-BARLOW TWINS losses during self-supervised pretraining unexpectedly fails. This is because
the redundancy-reduction objective identifies a representation subspace only up to rotation, so prefix
losses break the coordinate symmetry through gradient imbalance rather than through a signal about
axes’ information content. Distillation against a fixed target, however, supplies this important signal.

5.1 BENCHMARK RESULTS

We evaluate in two stages. First, on the 15-task ALPHAEARTH suite (classification, segmentation,
regression, and change detection) we compare against the two directly comparable embedding-
as-data systems, ALPHAEARTH (Brown et al., 2025) and TESSERA v1 (Feng et al., 2026), plus
PRESTO (Tseng et al., 2024), OlmoEarth (Herzog et al., 2026), MOSAIKS (Rolf et al., 2021), and
a suite of RSFMs and generic backbones (Fuller et al., 2023; Guo et al., 2024; Reed et al., 2023;
Tseng et al., 2025; Astruc et al., 2025; Dosovitskiy et al., 2021). Second, we take the four strongest
of these on the ALPHAEARTH suite (TESSERA v2, TESSERA v1, ALPHAEARTH, and OlmoEarth)
and run a held-out evaluation on 14 further datasets that played no part in development, covering
classification, segmentation, regression, and distribution prediction; the two stages together form a
29-task full suite. Every task uses a fixed lightweight head: a two-layer MLP for pixel-wise tasks and
a simple CNN (< 2M parameters) for patch-level tasks.

Headline results. On the full 29-task suitt TESSERA v2-1B-M has the best composite score of any
system, 0.611, against 0.576 for TESSERA v1, 0.574 for ALPHAEARTH, and 0.562 for OlmoEarth-
L, and it is the smallest of the four (Figure 1f). On the 15 ALPHAEARTH suite tasks alone (Figure 4c)
TESSERA v2-1B-L leads at 0.584 (M, S, N at 0.581, 0.570, 0.558), above ALPHAEARTH (0.560)
and TESSERA v1 (0.541); it also has the best mean rank (2.4 at d=128 vs. 3.8 and 4.9; Figure 4b)
and is best or second-best on nearly all tasks. The ordering depends on the task set: ALPHAEARTH
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Figure 4: ALPHAEARTH suite results (15 tasks) and held-out generalisation (14 datasets). (a) Ge-
ographic density of all downstream labels. (b) Per-task heatmap with mean rank. (¢) Composite
score per model; the four markers per TESSERA v2 row are d € {16, 32,64, 128}. (d) Score vs.
prefix dimension: d=16 retains ~92% of the d=128 composite at 1/s of the storage. (e) Score vs.
global annual storage, relative to ALPHAEARTH at d=64 int8. (f) Label efficiency on the 14 held-out
datasets (vegetation, urban) at 1/30/100% of the labels: A score vs. the best non-v2 baseline.

edges TESSERA v1 on its own suite but falls behind it across the full 29 tasks, while TESSERA v2
leads on both.

Graceful degradation across students. Across the four students, d=16 performs at ~92% of
the d=128 composite at 1/8 of the storage, with d=32 and d=64 at ~97% and ~99% (Figure 4d).
Performance is best on land-cover and change-detection tasks and worst on fine-class-count and
regression tasks, for which d=64 is the default. Regarding storage use, every student is on the
Pareto frontier of score versus storage and encoder parameters (Figure 4e): at 0.25x the storage of
ALPHAEARTH, TESSERA v2-1B-S already matches it.

Held-out generalisation. The 14 held-out datasets split into a vegetation group (tree species, crop
and parcel segmentation, biomass) and an urban group (land use, road density, population, GDP,
nighttime lights, pollution, surface temperature, demographics). Across 1/30/100% label budgets
TESSERA v2 beats the best non-v2 baseline on most of them, with the widest margins in the
low-label regime (Figure 4f).

Embedding perceptual quality and temporal stability. v1 embeddings often show along-track
striping and tile-seam discontinuities aligned with Sentinel-2/Sentinel-1 acquisition geometry. In
contrast, v2 embeddings have far fewer artefacts while preserving geographic structure. We also note
that, as long as land cover is stable, consecutive-year cosine distances for the same pixel are markedly
lower for v2 than v1. Moreover, after a temporary disturbance v2 returns to its prior baseline where
v1 stays noisy (Figure 1d).

6 DISCUSSION

In language and vision models, the pretraining loss tracks downstream quality closely enough that
scaling laws can be fit directly to it. EO breaks this assumption: selecting models by the loss wastes
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roughly a factor of three in compute (F1). Future EO scaling studies should therefore budget for
downstream evaluation rather than trust in the loss.

Once selection is downstream-task driven, F2 gives the compute budget allocation rule we use,
which is to spend the budget on encoder capacity and matched data, holding the projector fixed,
and recovering deployable encoders by distillation. Treating the teacher as a frozen representation
distribution then lets a single pretraining run amortise across four student sizes and, within each, four
embedding dimensions.

Distillation, not pretraining, is what makes the embedding dimension a usable control "knob."
Self-supervision fixes only the subspace the embedding spans, leaving its coordinates unordered;
distillation against the frozen teacher imposes an order on them using a MATRYOSHKA loss target, so
that each prefix is a usable lower-dimensional code.

Limitations. Our work suffers from a few limitations. First, the scaling laws are empirical and apply
only to pixel-wise Sentinel-1/2 encoders, one self-supervised objective, and one 15-task evaluation
suite. Hence, our analysis of budget allocation is specific to this set of tasks. Second, the use of an
expensive teacher model requires substantial computation. Finally, our benchmarks are drawn from
well-studied regions, so generalisation to under-represented climates and unseen seasons remains to
be evaluated.

7 CONCLUSION

We present the design, implementation, and analysis of the second generation of Tessera foundation
model. Our principal research question is how to allocate a compute budget across the encoder and
projector. A 395-run downstream-driven scaling study found that pretraining loss is a weak predictor
of downstream performance, encoder size and data scale together with compute, and projector size
does not. Following this rule, we trained a 1 B pixel-wise teacher and distilled it into embedding-
as-data students that lead the 15-task ALPHAEARTH suite; the /=16 MATRYOSHKA prefix keeps
~92% of the d=128 score at 1/s of the storage. Finally, we found that MATRYOSHK A-style nested
embeddings cannot be learned by naive self-supervised prefix losses. Instead, we use distillation to
turn prefix learning into supervised ordered compression, a technique we hope carries over to other
EO embedding products.

REPRODUCIBILITY STATEMENT

We will release training code, the controlled scaling-study sweeps, distilled pixel-wise student
checkpoints, the AlphaEarth-suite evaluation harness, and a frozen GEOTESSERA-style embedding-
as-data product. Hyperparameters, dataset splits, and compute estimates are documented alongside
the public code release.
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