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Abstract

Earth observation satellites acquire vast multi-sensor archives, but translating them into
reliable environmental maps remains constrained by scarce field labels, sensor heterogeneity,
and processing costs. Foundation models alleviate these bottlenecks by learning transferable
representations, enabling reusable feature spaces termed satellite embeddings. Beyond
traditional model weights, these representations are increasingly distributed as coordinate-
based location encoders and precomputed global embedding products. Existing surveys
primarily examine model architectures and pretraining objectives; operational geographic
reuse also demands rigorous attention to spatial and temporal support, access contracts, and
condition-controlled baseline comparisons. This review provides a structured -critical
synthesis and empirical evaluation of satellite embeddings for environmental mapping. We
introduce a release-based taxonomy separating image encoders, location encoders, and
precomputed embedding products, characterized across orthogonal facets of inputs, learning
signals, and deployment attributes. Experimentally, we conduct a two-tiered evaluation
across a global multi-target benchmark against matched classical baselines and a localized
Wuhan case study probing spatial granularity and native-grid readouts, complemented by
analyses of representation geometry and computational efficiency. Results reveal that while
foundation representations achieve substantial gains for specific targets, their advantages are
strongly conditioned on baseline strength, readout capacity, and geographic domain shift,
with location encoders providing regional context rather than real-time spectral observations.
Finally, we synthesize key challenges in spatio-temporal alignment, label independence, and

lifecycle maintenance for operational Earth observation workflows.
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Highlights

* A release-based taxonomy separates encoders from precomputed embedding products.
»  Fifteen image encoders and SatCLIP are tested against six baseline variants.

*  Global cohorts contain 4,409 single-scene and 3,014 monthly-series locations.

*  Baseline gains vary with target, readout, label budget and geographic holdout.

*  Wuhan controls separate local split sensitivity from independent transfer.
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1. Introduction

Environmental mapping requires features that remain useful when the target, region or
available labels change. A land-cover classifier, a biomass estimator and a flood map can use
related satellite observations, yet each asks a different question of those observations. Land-
cover classes summarize surface composition, biomass requires information about vegetation
structure, and flood mapping depends on when water was observed. These differences make
representation reuse an empirical question. A compact feature vector is useful only if it
retains the information needed at the spatial and temporal support of the intended prediction.
For users, the relevant outcome is a defensible environmental estimate with an affordable and
reproducible workflow.

Satellite embeddings offer reusable features for these mapping problems. Open satellite
constellations and long-running archives have made it possible to pretrain encoders on data
volumes that are much larger than the labelled datasets used for any one mapping task. Self-
supervised, multimodal, temporal, and vision—language methods now expose reusable
features in addition to task heads, while product providers increasingly distribute spatially
indexed embedding layers that can be queried without rerunning a large encoder (Brown et
al., 2025; Fang et al., 2026; Feng, Atzberger, et al., 2026; Huang et al., 2025; Huo et al., 2025;
Klemmer et al., 2026; Lu et al., 2025; Xiao et al., 2025; Zhu et al., 2026). Their usefulness
depends on which observations they summarize and how the resulting features can be reused.

The distinction matters because two objects called an “embedding” can retain different
information. A pooled vector, a dense token grid, a coordinate representation, and an annual
feature field differ in spatial support, temporal meaning, and access path. The same encoder
can produce different objects after pooling, temporal aggregation, quantization, or modality
routing. Conversely, systems trained with different objectives can expose similar downstream

interfaces. Existing remote-sensing foundation-model surveys organize architectures,



65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

&9

pretraining, and downstream tasks (Huang et al., 2025; Huo et al., 2025; Lu et al., 2025; Xiao
et al., 2025; Zhou et al., 2025). Product-oriented work further identifies incompatible formats,
resolutions, and access interfaces as barriers to reuse (Fang et al., 2026). Building on these
accounts, this review makes version, support, access, update, and fixed-feature evaluation
explicit selection criteria for a geographic workflow (Francis & Czerkawski, 2024; Gomes et
al., 2025; Klemmer et al., 2025; R. Ramachandran et al., 2025).

An embedding-centred review must also preserve the longer history of remote sensing
representation learning. Hand-crafted indices and texture descriptors were followed by
transferable convolutional features, seasonal and contrastive pretraining, masked image
modelling, and modality-aware transformers (Bazi et al., 2021; Castelluccio et al., 2015; C.
Cheng et al., 2026; Cong et al., 2022; Dosovitskiy et al., 2021; Hong et al., 2024; Jean et al.,
2019; Madias et al., 2021; Noman et al., 2024; Reed et al., 2023). Recent systems extend this
line with wavelength-conditioned inputs, multimodal or temporal routing, image—text
alignment, and precomputed products (Astruc et al., 2025; H. Bi et al., 2026; Brown et al.,
2025; Feng, Atzberger, et al., 2026; Fuller et al., 2023; Jakubik et al., 2023; X. Li et al., 2026;
Liu et al., 2024; Szwarcman et al., 2026; Tseng et al., 2025; Wang et al., 2023; Wang, Xiong,
et al., 2025; Xiong et al., 2024). These developments are not a single mutually exclusive
family tree. They are design choices that can be combined, omitted, or exposed through
different deployment forms.

The move from task-specific models to reusable features also changes where decisions
are made. With an image encoder, users choose observations and reproduce the released
preprocessing and extraction procedure. With a location encoder, they query a learned
function of geographic position. With a precomputed product, they inherit the provider's
observation window, grid and feature definition. Each route can reduce repeated work, but

each exposes different controls over the information supplied to a downstream model. The
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practical comparison therefore starts with the delivered representation and its documented use,
before considering model size or the name of a pretraining method. This motivates the release
taxonomy used throughout this review.

Evaluation must then distinguish predictive information from the conditions that make it
accessible. A frozen linear probe asks what a simple readout can recover; a nonlinear readout
asks a different question. A gain over raw observations may change with the label budget or
geographic split, and a strong score against a reference map may partly reflect shared source
information. Comparisons also become ambiguous when one representation summarizes a
year of observations and another sees a single image. Matching locations alone cannot
resolve these differences. We therefore connect the literature review to explicit tests of
baseline-relative gain, readout sensitivity, spatial support and geographic transfer, while
keeping reference-product prediction separate from independent environmental validation.

Global and local evidence play complementary roles in this design. Geographically
distributed samples test whether observed advantages persist across environmental settings
and held-out regions. A local window makes spatial structure, mixed land cover and
sensitivity to neighbouring training samples easier to examine. The two settings cannot be
pooled into one ranking when their inputs, labels and extraction procedures differ. Our global
experiment therefore provides the controlled comparisons, while the historical Wuhan case
illustrates local representation and readout behaviour under its recorded conditions. This
division allows the review to address practical selection questions without treating local
interpolation as independent geographic replication.

The paper makes two contributions. First, it provides a structured critical synthesis of
reusable Earth-observation representations, organized by release object, model facets and
deployment attributes. The 20-entry rs-embed catalogue is an executable subset of the

literature. Second, it tests fifteen frozen image encoders within controlled input subgroups
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against six classical baseline variants and evaluates one coordinate-only location encoder on
the same cohorts, using 4,409 annual single-scene and 3,014 monthly-composite locations.
The completed benchmark spans reference targets, geographic holdouts, readouts, feature
dimensions, label budgets and footprint supports. Four product or coarse systems remain
explicitly unavailable where equivalent input controls cannot be established. A
complementary 567-tile Wuhan case retains its historical local comparisons and support
limitations. Independent dense validation and future-year transfer are outside the evidence
provided here. This distinction connects reusable representations with the requirements of
maintained geospatial products (Cui et al., 2026; Fang et al., 2026; Klemmer et al., 2026).
Section 2 introduces the review methods, embedding concepts and release taxonomy.
Section 3 examines models, representation mechanisms and benchmarks. Section 4 connects
task requirements and evidence quality to the evaluation design, and Section 5 presents the
global experiments and Wuhan case study. Section 6 discusses remaining challenges and
research priorities, followed by the conclusion in Section 7. The Supplementary Material

provides detailed methods, historical diagnostics and source records.

2. Foundations

2.1 Review methods

The review asks five linked questions: which reusable representations are available; how
their release objects, inputs and support differ; how utility has been evaluated; which forms
of dependence, transfer and deployment limit the evidence; and what records are needed for
fair comparison. These questions distinguish the literature synthesis from the executable
benchmark subset.

This structured critical review addresses these questions through reproducible capped

searches and purposive synthesis. Reports are the evidence units, linked to their models,
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checkpoints and products. We assess conditions supporting environmental and deployment
claims, without estimating field-wide prevalence or ranking all representations.

The cutoff for the frozen discovery and screening route is 31 August 2026. A separate
descriptive bibliographic snapshot was frozen on 7 October 2026; later purposive source
checks and citation additions are documented separately and are not included in the frozen
screening denominators. The discovery expression combines Earth-observation terms with
reusable-representation terms:

(remote sensing OR Earth observation OR satellite OR geospatial) AND (foundation model

OR pretrained model OR self-supervised representation OR representation learning OR
embedding OR vision-language model OR masked autoencoder).

Provider-native queries, responses, dates and deduplication rules are archived in
Supplementary Methods S2. Crossref, partial OpenAlex searches, the existing corpus and
citation leads remain distinct discovery routes. Broad queries did not primarily use model
names. Scopus and Web of Science exports were unavailable; ranking caps and unresolved
retrievals preclude systematic coverage or source-saturation claims.

After duplicate/version reconciliation, Crossref yielded 1,911 candidates; 587 required
retrieval, with 45 verified local PDFs and 542 unresolved. These are route counts, not
independently verified study counts. Scale-MAE, Galileo and FoMo used a separate
discovery route. Sixteen completed OpenAlex queries added 512 provider-deduplicated
metadata leads without changing frozen Crossref decisions or full-text counts. Supplementary
Methods S2 records the route-specific screening and source-independence distinctions.

Figure 1 summarizes these distinct screening and retrieval routes.
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Figure 1. PRISMA 2020-style flow of literature identification, screening and provisional inclusion
(literature cutoff 31 August 2026). The frozen database route (24 capped Crossref queries) is
separated from supplementary citation leads (OpenAlex metadata and backward citation searching)
and from targeted method reports; the leads did not alter frozen Stage 1 decisions. The 542 reports
without verified full text are unresolved retrievals, not scientific exclusions. Robot icons mark Al-
assisted steps; these decision-support passes (kappa = 0.90 on 100 calibration records and 0.63 on a
192-record blinded second pass, with 59 Al-adjudicated disagreements) are not independent human

dual screening. Scopus and Web of Science exports were unavailable, so the counts describe capped
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discovery routes rather than systematic coverage or study-level PRISMA totals. Exclusion codes X01-
X10 are defined in Supplementary Methods S2. The 20-system rs-embed inventory is a benchmark
subset selected for executability, not the inclusion frame. Icons are schematic. Diagram construction
used Al-assisted coding with OpenAl Codex and Anthropic Claude Code (October 2026 workflow);
the editable artwork and provenance are retained.

Eligible primary reports introduce, distribute or independently evaluate reusable learned
representations central to satellite Earth observation, with identifiable construction, access or
evaluation. Coordinate representations require an explicit Earth-observation application.
Cutoff-bound counts require public availability by the cutoff. Reviews, perspectives and
interface documentation are distinguished from primary evidence; reviews cannot
independently corroborate their cited studies. Failed retrieval remains unresolved, not a
scientific exclusion.

Purposive cases contrast observations with supervision, fixed features with adaptation,
annual with acquisition-level support, output spacing with effective support, and
environmental observations with map labels. They require assessable primary sources and
include mixed or contrary findings. They are not a representative field sample. Repository
support does not determine eligibility; the 20-entry executable inventory is a separate subset.

Twenty primary reports were selected for a focused challenge of the central comparisons
in Sections 3 and 4. Their assessed versions were checked for the target, comparator,
validation design and limitations supporting each comparison, alongside selected contrary
evidence and citation leads. This purposive reading supplements the capped discovery routes;
it neither resolves the remaining retrieval queue nor establishes source saturation. The
retained reef preprint under its original title is used as a purposive application case and is not
added retrospectively to the frozen database counts.

Extraction records assessed versions, training/inference inputs, support, geometry,

adaptation, targets, splits, baselines, uncertainty, access and conflicts. Provenance
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distinguishes reported primary, reported official, verified artifact, derived, secondary and
unknown. Model releases, report revisions and delivered products remain separate; a
matching title or current webpage does not establish assessed-version identity.

The claim matrix links primary passages to tasks, geography, targets, comparators,
adaptation and uncertainty. Fold variation, seed dispersion and geographic confidence
intervals are distinguished. Unmatched observations, support, label ancestry or adaptation
preclude pooled rankings. Missing details restrict claims; mixed and negative findings remain
visible. Proposed evaluation rules are identified separately from cited empirical findings.

Screening, extraction and claim checks were Al-assisted. Blinded repeated LLM
assessments and separate Al checks provide a diagnostic record, not independent human dual
screening or experimental replication. Historical quality scores were not used to weight
effects or estimate field-wide evidence quality. Retrieval availability, search ranking and
purposive selection constrain the review's coverage. Supplementary Methods S2 records the

screening, agreement, version and challenge procedures.

2.2 Embedding concepts

We use satellite embedding for a learned representation intended or demonstrated to
support reuse beyond a single task head and sample set. Reuse may involve transfer, retrieval,
prompting, reconstruction or a released geospatial product. The term includes pooled vectors,
dense token grids, temporal sequences, coordinate-linked representations and precomputed
layers. It excludes task-specific logits, hand-crafted indices and an ordinary classifier
backbone without evidence of representation reuse (Cui et al., 2026; Fang et al., 2026;
Stewart et al., 2026). A documented interface and explicit spatial and temporal support
determine whether a representation can be deployed or compared under a given contract.
Missing documentation is retained as unknown and limits that comparison; it does not by

itself exclude an otherwise eligible report.
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Table 1. Entity vocabulary used for screening and synthesis. A study may link to several model

entities and releases; an embedding product is not synonymous with the encoder that generated it.

Entity Operational meaning

Study/report Scholarly or technical work that reports a method, product, benchmark,
or application.

Model family Named lineage containing architectures, checkpoints, products, papers,
or releases.

Encoder/checkpoint Executable parameters and preprocessing that transform imagery

Representation/embedding

Embedding dataset

Embedding product

Service/client

Downstream artifact

or coordinates into a reusable representation.

Vector, token grid, feature map, or sequence emitted for reuse before
distribution packaging.

Finite released vectors tied to samples and metadata; sampled
embedding collections belong to product class C2.

Spatially indexed precomputed vectors distributed as gridded
fields (C1) or sampled collections (C2), with version and support
records.

Access mechanism, API, or catalogue; not a representation method by
itself.

Probe, decoder, index, prediction map, or retrieval database built from
an embedding.

Pooled encoder outputs require documented extraction and reuse. Dense products

remain products when their generators are unavailable; location encoders require explicit

Earth-observation roles

and evaluation. Products retain independent version, support,

quantization, update, access and licence records (Czerkawski et al., 2024; Fang et al., 2026;

Francis & Czerkawski, 2024).

Figure 2 contrasts checkpoint inference with precomputed products. Release classes

describe the delivered object; model facets describe its support.
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Figure 2. Two access paths from Earth observations to reusable representations and downstream
applications. (1) On-demand inference requires observations, preprocessing and model weights; (2) a
precomputed product exposes provider-generated features through a versioned query and decoding
interface. Location encoders (class B) follow path 1 with longitude and latitude as the only query
input. Input information, spatial and temporal support, adaptation, and validation define the
comparison conditions; sharing a readout alone does not make the two paths equivalent. The depicted
features and maps are schematic vector artwork and contain no measured or predicted research data.

Diagram construction used Al-assisted coding with OpenAl Codex and Anthropic Claude Code

(October 2026 workflow); the editable artwork and provenance are retained.

2.3 Release taxonomy

We classify each release by what the user receives and must supply. Class A, image
encoders, delivers model weights: the user supplies satellite pixels (RGB, multispectral or
time series) and runs inference. Class B, location encoders, delivers a lightweight network

that maps longitude and latitude to a vector without query-time imagery. Class C,
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precomputed embedding products, delivers spatially indexed vectors retrieved by bounding-
box or point query. Image encoders are subdivided by the input contract of the evaluated
configuration into RGB (Al), fixed-schema multispectral (A2), channel-adaptive (A3) and
multitemporal sequence (A4) encoders; the temporal contract takes precedence. Products are
subdivided by spatial completeness into gridded embedding fields (C1) and sampled tile, chip
or patch collections (C2); temporal indexing is recorded as a facet. A model lineage may
expose several releases in different classes. Four orthogonal facets describe inference
modality, learning signal, temporal support, and spatial support with output geometry;
pretraining modality is recorded separately. Adaptation and access or governance are
deployment attributes. Unknown or unreported values remain explicit. These descriptors
connect the release taxonomy to recent multimodal surveys and foundation-model capability
benchmarks (Hong et al., 2026; Yang et al., 2025; Zhu et al., 2026).

Table 2. Evidence-coded descriptors used in the model/product dossier. Input, learning signal,
temporal support, and spatial support with output geometry are model facets; adaptation and access

describe deployment. Nominal resolution, receptive footprint, and output spacing are recorded

separately.

Axis Values recorded and interpretation

Release object A image encoder weights; B location-encoder network; C
precomputed embedding products, comprising C1 gridded fields
and C2 sampled collections. A hosted service is an access
mechanism, not a release class.

Input modality RGB, multispectral, hyperspectral, SAR, LiDAR/height, elevation,
climate/weather, coordinates/vector context, text/metadata; inputs used
in pretraining are separated from inputs required at inference.

Learning signal Masked reconstruction; contrastive or cross-view alignment; distillation
or representation prediction; generative token/modality prediction;
image—text alignment; supervised; fixed/random; or hybrid objective.

Temporal support Single acquisition, paired/seasonal views, fixed or variable time series,
annual/seasonal composite, static product, or temporally queryable
product; supported inference years are explicit.

Spatial support Native ground sampling distance, receptive footprint, output stride/cell,

support unit, geographic coverage, projection/grid, and edge or
resampling behavior.
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Axis Values recorded and interpretation

Output geometry Pooled vector, patch-token grid, dense raster, multiscale features, or
shared image—text/location space; dimension, normalization, pooling,
quantization, and compression are recorded.

Access/governance Code, weights, data, API, and licence separately; authentication, quota,
cost, coverage, update/deprecation, versioning, and offline-cache status.

Adaptation regime Zero-shot retrieval, nearest neighbour, frozen probe, adapter/parameter-
efficient tuning, full fine-tuning, dense decoder, or no published
downstream adaptation.

Axis values are descriptors, not causal explanations. For example, a contrastive
objective does not by itself establish better transfer, and a multimodal input contract does not
guarantee robustness when one source is missing. Mechanistic interpretations require
matched data and ablations (Doerksen & Kerner, 2026; X. Li et al., 2025; Simumba et al.,
2026).

Figure 3 characterizes the embedding literature through title terms, release relationships
and cumulative growth with representative releases. Its merged bibliographic corpus is
broader than the cutoff-bound screened evidence. Figure 4 organizes the review by the three
release classes and places representative releases on a timeline; the facets and deployment

attributes remain distinct from that primary classification.
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Figure 3. Bibliometric overview of the embedding literature, captured on 7 October 2026. The corpus
merges the Zotero AI/Embedding collection (400 records), the reference list of Cui et al. (335 titled
references) and an OpenAlex title query for remote-sensing foundation models, embeddings, self-
supervised pretraining, location encoders and vision-language models (2018 to 7 October 2026).
Records were deduplicated by normalized title, leaving 2,032 records, 2,031 of them dated. (a) Title
word cloud in a satellite silhouette. Text size is the number of titles containing each normalized term;
a few long or very frequent terms that cannot fit the silhouette at that size are drawn smaller, so size
ranks are approximate at the top. Colour marks the category in which a term is clearly over-
represented; other terms are shown as shared vocabulary. The silhouette is decorative. (b) Nineteen
selected model and product records plus the Esri Global Location Encoder (Esri GLE; ArcGIS release,
June 2026), by release class (A, image encoders; B, location encoders; C, precomputed embedding

products, with circles for C1 gridded embedding fields and hexagons for C2 sampled embedding
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collections) and Zotero record year. Years follow the Zotero metadata rather than independently
established first-release dates (Esri GLE: first public release year); records within a year are stacked
for legibility, so vertical spacing is not to scale. Lane colours follow the category colours of (a) and
(c); branches group releases and do not denote inheritance or citation. (¢) Cumulative records by first-
release month, stacked by a lexical title classification: models and encoders (1,290), applications and
analyses (499), satellite and location embeddings (136), and benchmarks and datasets (106). Dates
come from arXiv identifiers where available, then from Crossref, Zotero or OpenAlex. Year-only
dates (604 records) are spread evenly within their year, and records before 2018 enter at the origin.
Labelled releases have verified first-release months. Dashed leaders mark the release month; stacked
names were released within five months of it. Benchmarks hang from the top axis. The arrow and
satellite icon are decorative. 2026 is partial through 7 October. The counts describe this merged

corpus. They do not measure the size of the field, citation influence or a systematic-screening yield.

2.4 Comparison principles

Five proposed comparison cells draw on capability evaluation (Simumba et al., 2026)
and GEO-Bench (Lacoste et al., 2023). The encoder-observation cell matches encoder
observations, footprint, time window, locations and probe budgets, while recording
checkpoint-specific normalization, outputs and pooling. The product cell matches products by
location, target year, native-support aggregation and missingness policy. The baseline cell
supplies raw observations, PCA, indices or spatial controls with the encoder-observation
cell’s splits and budgets. The dense-output cell aligns dense outputs and target resolution.
The operational-cost cell measures latency, bytes, VRAM, requests, failures and temporal
flexibility under common accounting. Our experiments populate a restricted encoder—control
comparison and execution measurements, not every cell; cross-cell ranks do not establish
superiority.

Every model—target pair carries dependence flags for any target or source family used in

pretraining, pseudo-label overlap, temporal/geographic overlap, related supervised signals,
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and target-as-input cases. A flagged pair can be useful for measuring information retention or
product reuse, but it is not treated as independent transfer evidence (Doerksen & Kerner,

2026; Plas et al., 2026).

3. Models and Benchmarks

The source-linked cases organize this synthesis by release object (Figure 4). The 20 rs-
embed model identifiers, comprising 16 image encoders, one location encoder (SatCLIP) and
three products, form an executable subset; repository support does not determine review
inclusion. Each release has one primary class, while studies and model lineages can connect
multiple checkpoints, representations and products.

The release taxonomy describes the object available to users, not an architectural family.
One model lineage can supply both an executable checkpoint and a precomputed product,
while similar interfaces can expose representations built by different mechanisms. The Al-
A4 and C1-C2 subclasses refine input contract and spatial completeness within their
respective release classes. Separate technical descriptors record tokenization, metadata
encoding, backbone topology, spatial and temporal interaction, modality fusion, learning
objectives and exported feature geometry. Architectural and training claims refer to identified

configurations and versions, rather than being inferred from a release class or model name.
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Figure 4. Review overview organized by the object delivered to users, with representative releases on
a 2019-2026 timeline. A, image encoders expose weights for on-demand inference and are subdivided
by the evaluated input contract: A1 RGB, A2 fixed-schema multispectral, A3 channel-adaptive and
A4 multitemporal sequence. B, location encoders return representations from longitude and latitude
without query-time imagery. C, precomputed embedding products are distributed as gridded
embedding fields (C1) or sampled embedding collections (C2). Callouts list the exemplars assigned in
the frozen release taxonomy; MOSAIKS is a non-learned control. Timeline cards are coloured by
release class and dated by formal publication year or, for releases without a paper, first public release
year. Columns are equally spaced; 2020, with no selected release, is shown as an axis break. The
exploratory, expansion and productization phases are descriptive groupings, not measured breakpoints.
Inference input, learning signal, temporal support, and spatial support/output geometry are orthogonal

facets. Classification applies to release objects; one model lineage can span multiple classes. Sector
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and arc sizes are schematic, not publication shares. Diagram construction used Al-assisted coding
with OpenAl Codex and Anthropic Claude Code (October 2026 workflow); the editable artwork and

provenance are retained.

3.1 Model development

Remote-sensing representation learning progressed from spectral and texture descriptors
through transferable convolutional features, temporal and masked-image self-supervision, to
multimodal, wavelength-aware, vision—language and productized systems (Astruc et al., 2025;
Bazi et al., 2021; Brown et al., 2025; Castelluccio et al., 2015; Cong et al., 2022; Dosovitskiy
et al., 2021; Feng, Atzberger, et al., 2026; Hong et al., 2024; Jakubik et al., 2023; Jean et al.,
2019; Liu et al., 2024; Manas et al., 2021; Noman et al., 2024; Reed et al., 2023; Szwarcman
et al., 2026; Tseng et al., 2025; Wang et al., 2023; Wang, Xiong, et al., 2025; Xiong et al.,
2024). Chronology is not a taxonomy: multimodal encoders can use masked reconstruction,
specialized models general objectives, and products any encoder. The primary classes
describe release objects. Model facets record inputs, learning signals, temporal support,
spatial support and output geometry; adaptation and access remain deployment attributes.
Dossier provenance and evidence grades distinguish reported facts from inferred mechanisms.

Within this progression, self-supervised objectives exploited geographic and temporal
structure through geography-aware contrastive pairs (Ayush et al., 2021) and change-aware
sampling (Mall et al., 2023). Later encoders widened sensor and temporal coverage: USat
models bands with different ground sampling distances from several sensors (Irvin et al.,
2023), SkySense factorizes optical and SAR spatiotemporal sequences (Guo et al., 2024),
Presto encodes pixel time series with a lightweight transformer (Tseng et al., 2023),
MME{arth explores multimodal pretext tasks (Nedungadi et al., 2025), TerraMind pretrains an
any-to-any generative model over nine geospatial modalities (Jakubik et al., 2025), TerraFM

fuses Sentinel-1 and Sentinel-2 through modality-specific patch embeddings (Danish et al.,
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2026), and OlmoEarth and TerraFlow target multimodal, multitemporal learning (Herzog et

al., 2026; Puriy et al., 2026). Supervision broadened in parallel: WildSAT aligns imagery

with wildlife observations (Daroya et al., 2025), GeoChat and RS5M couple imagery with

language (Kuckreja et al., 2024; Zhang et al., 2024), and DiffusionSat adds generative

pretraining for satellite imagery (Khanna et al., 2024). Evaluation resources moved from

large labelled archives such as BigEarthNet and SatlasPretrain (Bastani et al., 2023; Sumbul

et al., 2019) to foundation-model benchmarks, including PhilEO Bench, Landsat-Bench and

NeuCo-Bench (Corley et al., 2025; Fibaek et al., 2024; Vinge et al., 2026). Position papers

and syntheses frame these developments from complementary perspectives (Dalei et al., 2025;

Lane & Karimzadeh, 2026; Mai et al., 2024; Rolf et al., 2024, 2025; Tuia et al., 2020).

Figure 5 summarizes the thematic and collaborative structure of the 400-record collection

with keyword co-occurrence and co-authorship networks. Communities describe shared

vocabulary or co-authorship within this curated collection; they do not measure citation

influence, study quality or model performance.
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Figure 5. Keyword co-occurrence (a) and co-authorship (b) networks of the 400-record Zotero

Al/Embedding collection. (a) Keywords come from a controlled vocabulary of 74 terms with merged

synonyms, matched in titles and, for the 183 records that have one, in the Zotero abstract; 354 records

contain at least one term. Circles are the 63 keywords found in at least 5 records, with area
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proportional to the number of records. Links form the network backbone: keyword pairs that co-occur
in at least 3 records and are among each keyword's five strongest associations (association strength);
line width shows the number of shared records. Small grey dots place each record at the inverse-
frequency-weighted centroid of its keywords. Community names are descriptive labels written by the
authors. Because abstracts are available for fewer than half of the records, keyword frequencies partly
reflect metadata coverage. (b) Authorships come from OpenAlex author identifiers for 376 matched
records. Circles are the 262 authors with at least 2 records, and links join co-authors, with width
showing the number of shared records. Layout and communities use fractional counting (1/(n-1) per
record with n authors) so that large-team papers do not dominate. Strong gravity brings the 24
disconnected components into one frame, so distances between unconnected groups carry no meaning.
Each community is labelled with the institutions shared by at least 30% of its members, otherwise
with its two most prolific authors. Small grey dots are the 906 co-authors who appear in only one
record. In both panels, positions come from ForceAtlas2, colours and halos mark Louvain
communities (seed 20261007), grey circles are members of small groups, and rings mark the most
frequent nodes. Proximity reflects shared vocabulary or co-authorship within this curated collection,
not citation, influence or field-wide collaboration.

Figure 6 adds the geographic distribution of international co-authorship within the same
collection. Country affiliations are available for 351 of its 400 records; the map therefore
describes the documented collaboration network of this curated snapshot, not field-wide

participation or the geographic coverage of model training and evaluation.
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405  Figure 11. International co-authorship network of the literature in the Zotero AI/Embedding
406  collection (Equal Earth projection), with the European sub-network enlarged in the inset (Lambert
407  azimuthal equal-area; same node scale as the main map). Countries are taken from the authors'
408  affiliations: OpenAlex institution metadata, plus the affiliations printed on the first page of the PDF
409  when OpenAlex had none. This covers 351 of the 400 records; most of the 49 records without a
410  country are web pages, datasets or items with no resolvable affiliation. Circle area shows how many
411  records include at least one author from that country (full counting; Hong Kong is counted with
412  China). Link width and shade show how many records were co-authored by both countries (1-28).
413  Colours show Louvain communities of the weighted country graph; hollow circles mark countries
414  with no international co-authorship in the collection. The network shows co-authorship only, not
415  citations or model lineage.
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3.2 Inputs and support

Optical RGB and multispectral Sentinel-2, Landsat and harmonized archives provide
repeated broad coverage. SAR adds all-weather backscatter and structure, with speckle,
geometry and co-registration concerns. Hyperspectral or wavelength-conditioned encoders
extend spectral coverage; coarse inputs such as MODIS change support before encoding.
Elevation, canopy height, climate, coordinates, text and ecological observations used in
pretraining or supervision are distinct from query inputs (H. Bi et al., 2026; Do et al., 2025;
Fuller et al., 2023; Schmitt et al., 2019; Waldmann et al., 2025; Wang, Xiong, et al., 2025).

AgriFM pretrains on unpaired sensor streams with GLC_FCS30D land-cover fractions
and teacher consistency: 25.24 million images form approximately 0.734 million temporal
sequences (W. Li et al., 2026). This creates target-family dependence, without audited exact
evaluation-label reuse. Crop classification also uses previous-year crop patterns; source and
sequence-length comparisons do not test geographic exclusion. ALISE’s source datacube is
multimodal, but its assessed encoder uses only Sentinel-2 sequences (Dumeur et al., 2025).

AlphaEarth’s reported inference uses Sentinel-2, Landsat 8/9 and Sentinel-1; elevation,
GEDI relative heights, climate, land cover and text supply training targets (Brown et al.,
2025). Its annual product uses v2.1, whereas main evaluations use v2.0; v2.1 adds USDA
Cropland Data Layer targets through 2023 and changes inference sampling. Dependence is
release-specific and alone does not prove leakage. Tessera v1 uses Sentinel-1 and Sentinel-2
temporal branches with self-supervision from independently sampled views of annual pixel
series (Feng, Atzberger, et al., 2026). Its 10-m grid does not imply 10-m observations for
every band. Pixel-series encoding and AlphaEarth’s buffered spatial tiles provide different
context despite equal output spacing.

Single acquisitions, irregular sequences and annual products require explicit dates and

aggregation rules. ALISE’s authors avoid the foundation-model designation: its irregular
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Sentinel-2 sequences yield ten learned temporal features per pixel, not ten dates (Dumeur et
al., 2025). The default 10 X 64 representation and trained linear readout differ from a pooled
single-date adapter. European pretraining includes evaluation years; qualitative
reconstruction does not establish forecasting, and larger temporal-view discrepancies can
degrade performance. Annual products and other sequence encoders have distinct time
semantics (Feng, Jaffer, et al., 2026; Qin et al., 2025; Szwarcman et al., 2026; Wang et al.,
2023).

Native ground sampling distance, receptive footprint and output spacing are distinct.
Pooling can enlarge a 10-m input’s support; resampling a 1-km or 0.25-degree product cannot
recover fine boundaries. Edge handling, projection, grid origin and categorical/continuous
aggregation affect neighborhoods. The dossier distinguishes nominal from verified support: a
common target grid does not equalize upstream information (Dumeur et al., 2025; Feng,
Jaffer, et al., 2026; Simumba et al., 2026).

Quality masking, temporal compositing, and learned sequence aggregation perform
different operations. Masking removes observations identified as invalid; compositing
combines retained observations into a summary image; sequence encoding processes dated
observations before producing features. Compositing can reduce contamination and sampling
variability, but can also attenuate short events or obscure the timing of phenological
transitions. An annual embedding generated from a dated sequence may retain aspects of
seasonal dynamics and should not be equated with an embedding of an annual mean image.
Nevertheless, an annual output does not by itself expose acquisition-level timing or guarantee
that a downstream predictor can recover every transient event. Temporal support must
therefore describe both the observations supplied to the generator and the information

exposed by its output.
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466 3.3 Architectures and objectives

467  3.3.1 Architectures

468 Satellite embedding systems do not share a single Transformer architecture. Even among
469  Transformer-based models, the computational unit, attention structure, positional information
470 and extraction layer differ. Architectural comparison must distinguish the backbone from
471  input adapters, temporal aggregators, modality-fusion modules and training heads. Table 3
472  summarizes representative configurations across the release classes, and Figure 7 illustrates

473  image encoders, a pixel time-series product generator, location encoders and the MOSAIKS

474  control.
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476  Figure 7. Architectural foundations and connected model families. (a) SatMAE and Scale-MAE share
477  a ViT/MAE foundation but alter different parts of the representation pipeline: SatMAE has temporal
478  and spectral-group configurations, whereas Scale-MAE incorporates physical ground scale through

479  GSD-aware positional encoding and low-/high-frequency reconstruction with L2/L1 losses,

27



480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

respectively. (b) TESSERA vl's reported main-text configuration combines optical and SAR
Transformers, GRU temporal pooling, and a fusion MLP; a separate projector supports Barlow Twins
training on augmented temporal views. The report also describes attention pooling in Appendix A.2,
so the illustrated GRU configuration must be reconciled against each checkpoint. (¢) SatCLIP uses
spherical harmonics and a SIREN network, while GeoCLIP uses an Equal Earth projection, multiscale
random Fourier features, and MLPs. Their contrastive image—location training bridges are applied
separately, and the image branches are unnecessary for coordinate-only feature queries. (d)
MOSAIKS provides an empirical reference control using fixed random convolutional features without
feature-extractor backpropagation. The common downstream interface expresses feature reuse, not
architectural identity or equivalent performance; the reference-line panel is schematic and contains no
data. Dotted connections denote conceptual affinity or control comparison; solid and dashed arrows
denote forward flow and optimization feedback, respectively. Diagram construction used Al-assisted
coding with OpenAl Codex and Anthropic Claude Code (October 2026 workflow); the editable
artwork and provenance are retained.

SatMAE illustrates variation within a common backbone family. Its temporal
formulation associates spatial patch tokens with acquisition-time encodings, whereas its
multispectral formulation uses separate patch projections for spectral groups and encodes
group identity. These are distinct configurations; an RGB checkpoint does not automatically
inherit the temporal and multispectral capabilities of the complete model family (Cong et al.,
2022).

Scale-MAE also uses a ViT-based masked autoencoder, but introduces ground-
sampling-distance-aware positional encoding and a decoder that reconstructs low-frequency
structure and high-frequency residuals. Its reconstruction objectives include L2 and L1 terms,
respectively. Consequently, its distinction from SatMAE involves the physical scale
represented by positional information and the reconstruction targets, not simply the presence

of self-attention (Reed et al., 2023).
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TESSERA vl's reported main-text architecture instead processes optical and radar pixel
time series through separate Transformer branches, GRU temporal pooling, and a fusion
MLP. A separate, larger MLP projector supports Barlow Twins training. It is therefore a pixel
time-series encoder rather than a spatial patch ViT (Feng, Atzberger, et al., 2026).

Location encoders provide a clearer departure from Transformer-only descriptions.
SatCLIP combines spherical-harmonic positional encoding with a sinusoidal representation
network, or SIREN. GeoCLIP uses an Equal Earth projection, multiscale random Fourier
features, and MLPs. Their location-query networks must be distinguished from the image
encoders used during pretraining (Cepeda et al., 2023; Klemmer et al., 2025). Operational
releases follow the same pattern: the Esri Global Location Encoder (Sentinel-2) packages a
SatCLIP-based location network, trained on 2024 Sentinel-2 Level-2A imagery, as an
ArcGIS deep-learning package that returns embeddings for point features (Esri, 2026).

MOSAIKS supplies a complementary control: its feature extractor applies fixed random
convolutional filters and spatial aggregation, while downstream regression coefficients are
fitted using labels. It is therefore recorded as a non-learned feature-extraction control, rather
than a pretrained neural encoder, even when its features are distributed as a precomputed
collection (Rolf et al., 2021).

These distinctions motivate task-specific interpretation. Spatial token interactions can
encode relationships among neighboring surfaces; temporal aggregation can encode seasonal
trajectories; location encoders represent location-dependent information learned from their
training pairs. Pooling and projection determine which of these signals remain accessible to a
downstream readout. These mechanisms motivate comparisons, but their individual effects
cannot be identified from unmatched cross-model scores.

SatMAE masks patches across time and separately encodes spectral band groups (Cong

et al.,, 2022); SatMAE++ reconstructs multiple scales (Noman et al., 2024). Scale-MAE
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conditions positional encoding on ground sampling distance and tests artificially
downsampled RGB images (Reed et al., 2023). Its resolution evidence does not establish
robustness to new sensors or future years. Frozen kNN, linear probing and fine-tuning differ,
with some comparisons favoring competitors.

RemoteCLIP aligns images and text, including box- and mask-derived captions, and
distinguishes retrieval, zero-shot and supervised evaluations (Liu et al., 2024). AnySat
combines joint embedding prediction and scale-adaptive spatial encoders (Astruc et al., 2025).
Its HLS probe trains a new modality projector and readout; familiar-input probes can use
smaller heads. All PASTIS imagery enters unlabelled pretraining, making that evaluation
transductive in imagery.

Galileo combines global/local contrastive losses, separating frozen kNN and linear
probes from classification fine-tuning (Tseng et al.,, 2025). Breizhcrops holds out
administrative regions without establishing their pretraining exclusion. Dynamic World and
WorldCereal provide semantic pretraining inputs, and WorldCover informs site selection:
these warrant dependence checks, not a conclusion of direct leakage. Aggregate ranks imply
neither universal nor future-year superiority. DOFA uses a wavelength-conditioned dynamic
hypernetwork (Xiong et al., 2024). FoMo-Net’s band-flexible reuse uses supervised fine-
tuning; its benchmark’s frozen linear probes belong to PolyNet (Bountos et al., 2025). FoMo-
Bench includes satellite and aerial/UAV tasks; point-cloud experiments use specialists.
TalloS regions are spatially separated, but pretraining overlap and temporal extrapolation
remain unresolved. Frequent specialist wins limit advantage claims; the assessed author PDF
lacks referenced appendices.

FG-MAE reconstructs HOG and multispectral indices from one seasonal image, rather
than a sequence (Wang, Hernandez Hernandez, et al., 2025). EuroSAT-SAR uses

approximately time-matched observations, random splits and non-unified orbit directions;
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gains remain conditional on these choices. Cross-paper descriptions cannot isolate learning-
signal effects without matched architectures, observations, support and readout budgets.

Early fusion concatenates/projects inputs before a shared backbone; intermediate fusion
exchanges tokens or cross-attention features; late fusion combines representations at readout.
Wavelength tokenizers and missing-modality training are additional choices affecting
parameter sharing, missing-source tolerance, per-frame compute and dense-output alignment.
Table 3. Representative technical characteristics across release categories. Rows describe identified
architectural configurations rather than mutually exclusive model families. Training-only modules are
distinguished from modules required to reproduce the exported representation. Product category refers
to the delivered artifact, while architecture refers to its generator. The selection spans the literature

beyond the executable inventory; it is not a census or a performance ranking. MOSAIKS is included

as a non-learned feature-extraction control.

Model / Release object Input and feature Architecture Learning signal Export boundary
version topology
SatMAE Image encoder  Spatial patches; ViT encoder with ~ Masked Encoder features;
temporal or spectral- training decoder reconstruction reconstruction
group encodings decoder omitted for
according to variant feature extraction
Scale-MAE Image encoder  Spatial patches with ~ ViT with Low-frequency L2  Encoder features;
GSD-aware positions multiscale and high-frequency physical scale
reconstruction L1 reconstruction  metadata remains
decoder relevant
TESSERA vl  Precomputed Per-pixel optical and  Transformer Barlow Twins with Fusion features
annual radar sequences branches, reported  additional retained; training
embeddings; GRU pooling, regularization projector omitted
generator fusion MLP (1)
described
separately
SatCLIP Location Spherical-harmonic ~ SIREN location Symmetric image- Location network
encoder location features network; separate  location contrast queried without
image-training imagery
branch
GeoCLIP Location Projected coordinates MLP location Image-location Location features;
encoder with multiscale branches; separate  contrast with aligned image
Fourier features image-training augmented branch retained
branch locations and when performing
queued negatives  image geolocation
MOSAIKS Precomputed Convolutional Fixed random No gradient-trained Fixed feature vector
feature responses aggregated filters feature extractor; and separately fitted
collection / over an image supervised predictor
control downstream
regression
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3.3.2 Learning objectives

Let x; denote the observations and associated metadata for sample i, fg an encoder, h; =
fo(x;) its intermediate representation, and p,, an optional training projector. The exported
embedding z; = r(h;) is defined by a specified extraction operation r, which may include
layer selection, projection, normalization, or pooling. The representation constrained by a
pretraining loss need not be identical to the representation distributed to users.

Masked reconstruction. For visible patch indices V; and masked indices M;, a decoder
d, predicts masked content from the visible-token representation. A canonical masked-

autoencoding objective is

N ~ 2

r _ 1 1 ”[dw(fé)(xi,vi))]p - xi,p'lz

MAE TN 1 | MG | D, '
PEM;

Here, 9~ci,p is the specified reconstruction target and D, is its number of scalar

components. Target normalization, masking geometry, and whether prediction concerns
pixels, spectral indices, or latent features must be documented. The expression describes
canonical pixel-MSE reconstruction; it does not replace the frequency-specific objectives of
Scale-MAE or the targets of other reconstruction variants. For feature extraction, a training-
only reconstruction decoder is ordinarily omitted (He et al., 2022).

Contrastive alignment. Let u; and v; be unit-normalized representations of a matched
pair, such as two views, an image and a caption, or an image and its location. With
temperature T > 0, an in-batch InfoNCE objective is

I exp(u; v; /T
Linfonce(U, V) = —— log— p(u; v;/1) .
N & Zj=1exp(uiij/T)

The symmetric CLIP form is

1
Lepp = > [Linfonce(U, V) + Linfonce(V, U)].
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CLIP-style alignment is thus a particular contrastive formulation rather than a separate,
mutually exclusive learning category. Pair construction determines the information
encouraged by the objective, while negative sampling determines which observations are
treated as alternatives. Image-text pairing supplies different supervision from temporal-view
or image-location pairing, even when the mathematical loss has the same form (Radford et al.,

2021).

Redundancy reduction. For two augmented views, let qi = py(fo(x{")) and ql =

Py (fo (x?)). With g denoting batch-centered components, define

N

—a —b
4% 4y
=1

Cr = -
(2@ 2@

The Barlow Twins objective is

Lpr = z (1 — Cki)® + Apr Ch.
K : :k Ik

The diagonal term aligns corresponding components across views; the off-diagonal term
discourages redundancy between components. Unlike InfoNCE, this formulation does not
explicitly classify other samples as negatives (Zbontar et al., 2021).

TESSERA constructs views by independently sampling valid observations from a pixel's
annual series and supplements this objective with mix-based regularization. Its exported
feature precedes the training projector; the fusion MLP remains part of the encoder (Feng,
Atzberger, et al., 2026).

These objectives describe different constraints on representation learning, not
guaranteed downstream capabilities. Reconstruction can retain information unnecessary for a
particular target, whereas alignment can suppress differences treated as invariant during
pretraining. Interpretation therefore requires the loss, its targets and augmentations, and the

exported feature to be considered together.
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3.3.3 Location representations

Continuous location encoding replaces a fixed set of geographic classes with a function
evaluated at geographic coordinates. For longitude A and latitude ¢, a location on the unit
sphere is

s(A, @) = (cos@cosA, cosgsind, sing) € S
A schematic SatCLIP location encoder is

9¢(s) = SIREN4(SH,(s)),

where SH; denotes spherical-harmonic features at a specified truncation level. For
paired imagery x; and locations s;, normalized image and location features enter the

symmetric contrastive objective:

L?SES&IP = LCLIP({norm(fB (xi))}liv=1' {norm(gy (Si))}liv=1)'
The spherical domain and harmonic basis provide architectural structure; they do not

imply that training minimizes geographic distance or enforces a universal spatial-smoothness
penalty (Klemmer et al., 2025).

Location encoding has a broader lineage than these two models. Space2Vec uses multi-
scale sinusoidal grid-cell representations (Mai et al., 2020), Sphere2Vec extends multi-scale
encoding to the spherical surface (Mai, Xuan, et al., 2023), and CSP pretrains location
encoders contrastively with geotagged images (Mai, Lao, et al., 2023). Spatial implicit neural
representations estimate species ranges directly from coordinates (Cole et al., 2023). More
recent designs concentrate capacity regionally with spherical Slepian functions (Rao, Crasto,
et al., 2026) or learnable spherical Voronoi partitions (Cher et al., 2026), recover visual detail
through retrieval augmentation (Dhakal et al., 2025), enforce continuity for out-of-sample
queries (Hao et al., 2025), or centre the representation on climate rasters, OpenStreetMap
graphs or human-mobility graphs rather than satellite imagery alone (Dollinger et al., 2025;

Michail et al., 2026; Wen et al., 2026). Because these encoders differ in supervision and
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effective resolution, the content of a location embedding must be established empirically
rather than inferred from its coordinate input.

For GeoCLIP, let a be the projected and normalized coordinate. Its multiscale encoding
can be summarized as

5@ = [nigng b 96@ = ) MLPy, (75, (@)

where the fixed random matrices Bj, represent different frequency scales. GeoCLIP uses
image-to-location contrastive training with coordinate augmentation and additional queued
negatives, rather than precisely the symmetric in-batch objective above. Its original training
images are geotagged photographs, a distinction from SatCLIP's satellite supervision that
must remain explicit when interpreting Earth-observation applications (Cepeda et al., 2023).

A further distinction concerns the geometry of latent embeddings. A unit-normalized d-
dimensional representation lies on $%~, which is not the geographic sphere S$?. For example,

AlphaEarth uses a von Mises-Fisher bottleneck,

q(z | x) = Ca(k)exp(rpa(x)'2), 2, ug(x) € S,
where C; (k) is the normalizing constant and k controls concentration. This distribution

describes a latent bottleneck, not a standalone coordinate-learning loss. AlphaEarth combines
source reconstruction, embedding-uniformity, teacher-student consistency, and text-
alignment terms. Geographic input geometry, latent geometry, and optimization objective

should therefore be recorded separately (Brown et al., 2025).

3.4 Feature extraction

Compact pooled vectors support classification, regression and retrieval but can erase
boundaries and rare-class mixtures. Dense grids and feature pyramids retain local structure
when stride and alignment are known. Location-query spaces are not image embeddings
without an explicit Earth-observation link. Products add indexing, quantization, compression

and versioning: equal dimensions in annual integer layers and floating-point scene vectors
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need not imply equal precision or update semantics (Corley et al., 2026; Fang et al., 2026;
Gomes et al., 2025; Hackel et al., 2026).

Upstream model construction and product generation are distinct from user-side
inference. The three pathways converge on reusable features, but allocate computation and
constrain user choices differently. Figure 8 traces the three pathways from upstream

construction across the public release boundary to a shared frozen-feature readout.

End-to-end technical workflow: three

Upstream providers train and re diff
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Figure 8. From upstream construction to frozen downstream readout for the three release classes.
Image encoders (top lane) are trained on imagery and metadata; users load the released checkpoint
and select the documented feature-extraction layer for new observations. Training-only heads are
omitted, whereas projections required to define the exported space are retained. Location encoders
(middle lane) learn from paired images and locations through model-specific contrastive training; the
released location network produces an embedding from coordinates without query-time imagery. For
precomputed embedding products (bottom lane), providers apply a generator to an observation
archive and package features as versioned tile or raster products, with aggregation and quantization
where applicable; users retrieve and decode latent channels rather than land-cover classifications. All
pathways supply fixed features to a supervised readout trained with labels; the backbone or feature
generator is not fine-tuned. The red dashed line marks the public release boundary. Solid arrows

denote forward data or feature flow, dashed arrows optimization feedback, and dashed outlines
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modules used only during upstream training. Diagram construction used Al-assisted coding with
OpenAl Codex and Anthropic Claude Code (October 2026 workflow); the editable artwork and
provenance are retained.

Image encoders. Upstream training combines prepared observations, tokenization, an
encoder, and the heads required by its learning objectives. User-side extraction begins by
loading the selected checkpoint and reproducing its band ordering, radiometric scaling,
normalization, metadata encoding, and spatial or temporal sampling. The user then selects the

documented extraction layer and readout. A pooled representation has the form z € R%; a

spatial feature grid has the form Z € R xwixd Temporal or multiscale outputs require
additional indexing. These forms are not interchangeable: averaging spatial tokens changes
support and removes their explicit arrangement.

Location encoders. Pretraining uses paired locations and observations, with the
trainability of each branch specified by the model. At deployment, the location pathway
evaluates the coordinate transform and location network to produce z = g4 (s). No imagery
is required at the queried location. This avoids new image acquisition and preprocessing, but
the resulting feature expresses information learned during pretraining rather than a fresh
observation of current surface conditions. A coordinate-only model without a temporal input
cannot resolve changes at the same location merely by repeating the query.

Precomputed embedding products. The provider trains or selects a generator, applies it
to an observation archive, and packages the extracted features into a versioned collection or
geospatial layer. Spatial or temporal aggregation, quantization, and indexing occur where
specified by that product's construction process. Users retrieve features by location and,
where supported, time; decode stored values; apply validity masks; and align feature support
with the target. They do not ordinarily load or rerun the generator. A dense embedding raster

contains latent feature channels, not land-cover classes or calibrated class probabilities.
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Exported heads and downstream training. Removing training heads is conditional on
their role. Reconstruction decoders and redundancy-reduction projectors may be omitted
during feature extraction, whereas a projection defining a shared contrastive space must be
retained when that space is the intended output. Removing every module named "projection"
would therefore change some representations rather than merely simplify inference. The
extraction record must identify the retained modules, output layer, normalization, and feature
dimension.

For a frozen linear probe, feature extraction is fixed and only predictor parameters are

fitted:

(W*,b*) = argmin LZ- 2 (Wz; + b,y) + Lorone W13 |
W.,b Nir £~ieDy,

Here, ¢ is chosen for the downstream task and no encoder parameter is updated.
Standardization, dimensionality reduction, and predictor selection are fitted using the
designated training and validation partitions. Training an adapter, updating the backbone, or
fitting a spatial decoder constitutes a different adaptation regime and must be identified
accordingly. Product retrieval eliminates user-side embedding generation, but does not
eliminate the need to fit or validate a downstream mapping model.

Adaptation spans zero-shot retrieval, frozen probes, trainable adapters and full fine-
tuning. DEFLECT freezes its backbone but trains adapters and heads; reported tuning
percentages exclude the segmentation head (Thoreau et al., 2025). Some adapters trail full
fine-tuning. The Billion-scale study fully fine-tunes detection/segmentation systems after
unequal pretraining durations (Cha et al., 2026), isolating neither parameter count nor frozen-
embedding rank. Low-label results are not uniformly monotonic with size; an unresolved

LoveDA background-class discrepancy limits cross-paper effect comparisons. Our cells fix

readout budgets and record every trained component.
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SITS-BERT jointly fine-tunes its transformer and classifier. Its cross-region tests
support temporal pretraining with supervised adaptation; random within-area train/validation
pixels leave spatially blocked generalization unresolved (Yuan & Lin, 2021). SatDiFuser
freezes a diffusion backbone but trains fusion components with a linear classifier or UPerNet
decoder (Jia et al., 2025); unspecified normalization boundaries leave train-only fitting
uncertain. Its RemoteCLIP-labelled comparison cites a different ground—remote alignment
paper, leaving the pairwise model identity unresolved.

RemoteCLIP tests zero-shot prompting, retrieval, linear classification and nearest-
neighbour readout (Liu et al., 2024). Annotation-derived captions provide semantic
supervision; image-hash deduplication establishes neither geographic nor temporal
independence. Some datasets show zero-shot declines relative to CLIP. None of these studies
supplies the matched observations, adaptation, readout and geographic validation needed to
rank our catalogue.

GEO-Bench-2’s main results use end-to-end fine-tuning; freezing encoders while
training heads or UNet decoders reorders over 20% of model pairs (Simumba et al., 2026).
Adding SAR lowers PASTIS scores for DOFA, Clay and TerraMind, improves BioMassters
and yields mixed BigEarthNet V2 outcomes. Ranks therefore depend on observations and
trained components. Bootstrap summaries resample seed repeats within datasets, establishing
neither geographic confidence intervals nor calibrated predictive uncertainty. Supplementary

Methods S2 identifies assessed versions.

3.5 Benchmark inventory

Table 4 links the executable inventory to the release taxonomy. Its configuration-
specific input, support and output descriptors identify what was evaluated; they do not define
the literature inclusion frame. The archived evidence matrix records source versions and

distinguishes documented attributes from unknowns.
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Table 4. Executable inventory and configuration-specific descriptors. The 20 entries comprise 16 image encoders, one location encoder and three

precomputed products, with frozen release labels A1-A4, B and C1. Repository support is separate from review eligibility. Input, support, output

and deployment descriptors identify the assessed configurations and do not imply matched performance across rows. Historical Wuhan adapters

and the controlled global input protocol are distinguished where their configurations differ.

Model Year / Class / object Architecture and Training and inference Spatial and temporal Configured
venue learning signal observations support output
TESSERA v1.1 2026/ Cl1 - precomputed Dual temporal encoders Sentinel-1/2 annual pixel 10 m precomputed 128; pooled
(global product) arXiv v7 annual product with Transformer/GRU series upstream; current embedding tiles; annual or grid
pooling; Barlow Twins adapter reads precomputed lookup over product years
self-supervision embeddings
GSE 2025/ Cl1 - precomputed Space Time Precision Sentinel-2, Landsat 8/9 and 10 m annual product; strict ~ 64; pooled or
(AlphaEarth arXiv annual product encoder; multi-source Sentinel-1 observations yearly query grid
Foundations prediction, teacher—student upstream; current adapter
v2.1 annual) learning and text reads annual embeddings
alignment
Copernicus- 2025/ C1 - precomputed Precomputed features Copernicus product stack 0.25 degree precomputed 768; pooled
Embed-025deg ICCV 0.25° field exported by Copernicus- grid; static in current adapter or grid
FM; the encoder (2021 only)
checkpoint and distributed
feature product are distinct
releases
RemoteCLIP 2024 /IEEE Al - image CLIP / ViT-B-32; vision—  Sentinel-2 RGB at inference; =~ Shared 640 m footprint; 512 pooled
TGRS encoder language satellite captions and UAV imagery in RGB from one 2021 (global);
embedding; contrastive pretraining Sentinel-2 L2A acquisition; historical grid
image—text alignment full-extent resizing; source  export differs
(InfoNCE) band GSD 10 m
SatMAE 2022/ Al - image ViT-MAE; masked Sentinel-2 RGB at inference;  Shared 640 m footprint; 1024; pooled
NeurIPS encoder autoencoding with temporal and multispectral RGB from one 2021 or grid

temporal and spectral

positional encoding

configurations are distinct
releases in the original work

Sentinel-2 L2 A acquisition;
full-extent resizing; source
band GSD 10 m
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Model Year / Class / object Architecture and Training and inference Spatial and temporal Configured
venue learning signal observations support output
SatMAE++ 2024/ Al - image ViT-L / SatMAE++; Sentinel-2 RGB at inference;  Shared 640 m footprint; 1024; pooled
RGB CVPR encoder revised masked multispectral Sentinel-2 in the RGB from one 2021 or grid
autoencoding for paper Sentinel-2 L2 A acquisition;
multispectral imagery full-extent resizing; source
band GSD 10 m
SatMAE++ 2024/ A2 - image ViT-L / grouped-channel ~ Sentinel-2 SR 10-band at Shared 640 m footprint from 1024; pooled
S2 CVPR encoder SatMAE++; grouped- inference one 2021 Sentinel-2 L2A or grid
channel multispectral acquisition on a 10 m lattice;
masking native band subset and
preprocessing retained
Scale-MAE 2023/ Al - image ViT-L / MAE; scale-aware Sentinel-2 RGB at inference;  Shared 640 m footprint; 1024; pooled
ICCV encoder masked autoencoding with multiscale EO imagery in the RGB from one 2021 or grid
resolution conditioning paper Sentinel-2 L2A acquisition;
full-extent resizing; source
band GSD 10 m
AnySat 2025/ A4 - image Versatile JEPA-style Sentinel-2, Sentinel-1, aerial/  Shared 640 m footprint; 768 pooled
CVPR encoder encoder; generalist multi- VHR, and other modalities in  twelve 2021 calendar-month (global);
resolution multimodal the original work; Sentinel-2  clear-pixel composites with 1,536 pooled
self-supervised sequence in current adapter ten common bands and in historical
representation learning month identifiers Wuhan
Galileo 2025/ A4 - image Transformer with global/  Sentinel-2 time series and Shared 640 m footprint; 128; pooled
ICML encoder local branches; multiple remote-sensing twelve 2021 calendar-month or grid
multimodal time-series modalities in the original clear-pixel composites with
self-supervision work ten common bands and
month identifiers
WildSAT 2025/ Al - image ViT-B/16 with native 256- Sentinel-2 RGB at inference;  Shared 640 m footprint; 256 pooled
ICCV encoder dimensional image head;  wildlife observations as RGB from one 2021 with native
wildlife-aligned supervision Sentinel-2 L2A acquisition; image head
representation learning full-extent resizing; source  (global);
band GSD 10 m historical grid
export differs
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Model Year / Class / object Architecture and Training and inference Spatial and temporal Configured
venue learning signal observations support output
Prithvi-EO-2.0- 2026 /IEEE A2 - image ViT / masked-autoencoder Sentinel-2 six-band input; Shared 640 m footprint from 768; pooled
100M-TL TGRS (EO- encoder lineage; self-supervised checkpoint-required location  one 2021 Sentinel-2 L2A or grid
2.0 report) geospatial pretraining and time encodings retained;  acquisition on a 10 m lattice;
HLS pretraining native band subset and
preprocessing retained
TerraFM 2026/ A2 - image Multisensor transformer;  Sentinel-2 and Sentinel-1; Shared 640 m footprint from 768; pooled
ICLR encoder unified multisensor current adapter selects one one 2021 Sentinel-2 L2A or grid
pretraining sensor path acquisition on a 10 m lattice;
native band subset and
preprocessing retained
TerraMind 2025/ A2 - image Generative multimodal Sentinel-2 SR 12-band at Shared 640 m footprint from 384; pooled
ICCV encoder transformer; large-scale inference; wider multimodal ~ one 2021 Sentinel-2 L2A or grid
generative multimodal EO stack in the paper acquisition on a 10 m lattice;
learning native band subset and
preprocessing retained
DOFA 2024/ A3 - image Wavelength-aware Multispectral and Shared 640 m footprint from 768; pooled
arXiv encoder transformer with dynamic  hyperspectral-style inputs; one 2021 Sentinel-2 L2A or grid
wavelength handling; self- Sentinel-2 path in current acquisition on a 10 m lattice;
supervised multimodal EO adapter native band subset and
modelling preprocessing retained
FoMo 2025/ A3 - image Band-flexible transformer; Sentinel-2 SR 12-band at Shared 640 m footprint from 768; pooled
AAAI encoder masked spectral/spatial inference; multiple scales and one 2021 Sentinel-2 L2A or grid
reconstruction tasks in original work acquisition on a 10 m lattice;
native band subset and
preprocessing retained
THOR 2026/ A3 - image Versatile transformer for ~ Sentinel-2 SR 10-band Shared 640 m footprint from 768; pooled
arXiv encoder climate and society; one 2021 Sentinel-2 L2A or grid

foundation pretraining

acquisition on a 10 m lattice;
native band subset and
preprocessing retained
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Model Year / Class / object Architecture and Training and inference Spatial and temporal Configured
venue learning signal observations support output
AgerM 2026 /RSE A4 - image Video Swin Transformer;  Sentinel-2 at inference; Shared 640 m footprint; 1024; pooled
encoder supervised land-cover- Sentinel-2, Landsat-8/9, and  twelve 2021 calendar-month or grid
fraction pretraining with ~ MODIS in original work clear-pixel composites with
EMA teacher ten common bands and
month identifiers
SatVision-TOA 2024/ A2 - image SwinV2-style coarse- MODIS 14-band TOA 1000 m; single coarse- 4096; pooled
arXiv encoder resolution foundation resolution window or grid
model; all-sky MODIS
pretraining
SatCLIP 2025/ B - location Spherical-harmonic Longitude/latitude only at Global; spatial detail limited 256; pooled
(ViT16-L40 AAAI encoder encoding (L = 40) with inference; Sentinel-2 by harmonic degree; no (centre query)

location branch)

SIREN network; image—
location contrastive
pretraining with a ViT-16
image tower used only in
training

multispectral tiles (S2-100K)
in pretraining

temporal input

or coordinate
grid
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Table 5. Examples of axis-level contrasts and the evidence needed before a mechanistic interpretation.

The rows are comparison questions, not rankings.

Comparison question

Observable design difference

Required interpretation check

Product versus
checkpoint

Optical versus optical—
SAR

Single date versus
sequence

Pooled versus dense
readout

Native versus reduced
dimension

Queryable annual/tiled layer
versus user-run encoder with
selectable inputs

One sensor stream versus fused
or routed streams with different
availability and noise

One acquisition/composite
versus date-aware multi-frame
representation

One vector versus token grid or
multiscale map

Full vector versus train-only
PCA or truncation

Report version, update cadence,
latency, storage, missingness, and
temporal flexibility alongside
predictive scores.

Match the observed inputs and test a
missing-modality condition before
attributing a gain to fusion.

Align target time and compare event-
sensitive and persistent targets
separately.

Match output stride and target
geometry; do not infer local boundary
quality from a pooled score.

Report dimension curves and fit
transforms on training data only.

Product performance combines upstream observations,

labels, aggregation and

quantization with encoding; downstream scores additionally depend on decoders, labels and
splits. Section 5 controls source inputs and evaluation within declared cells (Lacoste et al.,
2023; X. Li et al., 2025; Simumba et al., 2026). These compare particular frozen checkpoints

without 1solating causal effects of architecture, pretraining data, objectives or pooling.

4. Task Requirements and Evaluation Design

An embedding is useful when its retained information, observation support and access
conditions fit a defined prediction problem. The literature on reusable models and products
makes these requirements explicit (Brown et al., 2025; Fang et al., 2026; Feng, Atzberger, et
al., 2026; Klemmer et al., 2026; Lu et al., 2025; R. Ramachandran et al., 2025; Xiao et al.,
2025). This section uses that evidence to explain the comparisons in Section 5; it does not
claim new experiments for every application domain.

Figure 9 connects application requirements with release contracts and summarizes the

baseline-relative results examined in Sections 5 and 6. The following synthesis distinguishes
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what a task requires, what a published score establishes and what our experimental design
can test. A shared storage format alone does not align feature spaces or observation support.

(a) Application requirements and release-class fit Image encoders  Location Products

Domain Support Time Sensors Readout Al A2 A3 A4 B C1 C2
Agriculture 10 m, parcels crop season optical + SAR classes > © © @ o © o
Forest & biomass plot, lidar annual lidar labels regression O ®© ® ® © o O
Biodiversity plots, points ~ multi-year  field surveys  presence O ©O O © O 0 ©
Water & hazards 10-30 m eventdays SAR +optical binary map O O ©O @ © © o
Urban metre scale  time series  VHR, SAR detection ® O © © © 0 ©
Socioeconomic admin units  survey year night lights regression O ©O © © O o 0
Forecasting kmgrids ~ hours-months  reanalysis forecast o o0 0 @ c 0 O
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(b) When does a frozen embedding beat the matched baseline?

B gain inconclusive Il loss numbers: gain / inconclusive / loss

r M)

ti i SatCLIP (B), 20 t ts x 2 cohorts, n = 40 cell
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No: a location encoder (B) ; . 6925 use as a spatial prior
uses coordinates only Gains only in the monthly cohort J
N\
e What is the target? all A Al A2IA3 A4 Gains: tand |
ains: land cover, class
Yes: image encoders Land-cover classes mmmm | [EEED (181210 39 fragtions! CClblomass
(A1-Ad) vs baselines BO-B4 | Class fractions Bm §  33/60 56/84 | 21/36
; Mixed: canopy height,
Matrix: gains / cells CCl biomass — o [ 23 water persistpeynce ¢
per input subgroup Canopy height B 710 614 @ 416
Water persistence w1 15 QSN 03 2-1(3;‘»80?3125GCEEE|)S| )AGBD
GEDIAGED immmmm s
J
o Which readout? all A; 300 cells per readout )
Baselines refitted with Linear I 176/70/54 b?tfrgﬁiségg%mg;g;gb%i
the same readout kNN [ ] I 118/106/76 exceed gains (149 vs 52)
LightGBM [ I 52/99/149
J
o How many labels? repeated random CV; 300 and 1,500 cells )
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Training locations All labels | ] I 185/60/55 gains (814 VS 472)
per fold 16-256 labels I B 172/214/814
J
e New test region? all A; 300 cells per split )
Splits with a 1,280 m Random I Sl 185/60/55 33‘8 etlorint 300);
exclusion buffer Spatial blocks G B 176/70/54 losses rise slightly '
Leave continent |EEEG—— I 161/74/65
J
i 7 ins / 12 cells; paired cohort .
e Spatial support? gams cels: pared coniorts CCI gains at every support
Inputs and labels change 160m 320m 640m 1280m (9-12/12); WorldCover
support together CCl biomass 9/12 | 1112 | 1212 | 10112 peaks at 320 m (8/12)

WorldCover class 4/12 8/12 412 6/12

Figure 9. Application requirements and the conditions under which frozen embeddings outperformed
matched baselines. (a) Synthesis of Section 4: required spatial support, temporal contract, sensors and
labels, and readout for each application domain, and whether the delivered contract of each release

class (A1-A4 image encoders, B location encoders, C1 gridded embedding fields, C2 sampled
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embedding collections) meets the requirement directly, only after dates, support or sensors are
checked, or not at all. The symbols summarize illustrative requirements, not class-wide capabilities or
measured performance; each specific release still requires checks of sensors, dates, support and label
availability. (b) Decision sequence over the Part I (2021) cells. Bars count embedding-system X target
cells whose 95% paired-bootstrap interval of A (embedding minus the strongest of the six baseline
variants B0, B1, B2, B3-1024, B3-4096 and B4, reselected in each of 999 draws) lies wholly above
zero (gain), includes zero (inconclusive) or lies wholly below zero (loss). Unless stated otherwise,
cells use 640 m support, native features, linear readouts, all training labels and spatial CV in the
annual (G2a, G3) and monthly (G2b) cohorts. Step 4 uses repeated random CV with nested budgets of
16-256 training locations per fold; step 6 uses the paired footprint cohorts, in which inputs and labels
change support together. For kNN and LightGBM, the baselines are refitted with the same readout.
Intervals are per cell and not simultaneous, and the references are map products or sparse GEDI-
derived targets rather than independent field inventories. GSE, TESSERA, SatVision-TOA and
Copernicus-Embed were not eligible for controlled prediction. The counts describe this design, not
universal rules. The separate GSE/TESSERA predictive extension appears in Figures 13—16 and is not

included in these controlled-design counts.

4.1 Access and observation support

The access path determines which observations a user can control. Image encoders
require weights, sensor-specific preprocessing and inference; location encoders accept
coordinates; finite embedding datasets provide fixed samples; and gridded products add
spatial indexing, versions and update policies. Services mediate access rather than defining
another learning objective (Czerkawski et al., 2024; Fang et al., 2026; Francis & Czerkawski,
2024; Ye et al., 2026).

Release metadata must distinguish output spacing from observation support. AlphaEarth
and Tessera provide annual products on 10 m grids (Brown et al., 2025; Feng, Atzberger, et

al., 2026), whereas Major TOM distributes patch embeddings with timestamps, footprints and
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source identifiers (Czerkawski et al., 2024). Annual aggregation does not recover event
timing, and a fine grid does not establish fine effective support. Quantization, validity masks
and decoding rules also remain release-specific.

Tessera v2 describes variable-length inference and learned nested feature prefixes (Feng,
Jaffer, et al., 2026). These capabilities cannot be assigned to vl or inferred from arbitrary
truncation, and the assessed global annual release remains planned. Documented capability
and an available product are separate requirements.

Table 6. Deployment information that accompanies a representation. Predictive quality must be

assessed alongside these operational records.

Field Required record

Identity and version Study, model/checkpoint or product release, source URL, retrieval date,
checksum, and relation to prior versions.

Input contract Required sensors/bands, dates or sequence length, cloud and nodata
handling, projection, footprint, and resampling.

Output contract Pooled or dense geometry, stride/support, dimension, layer,
normalization, quantization, compression, and ordering.

Access and governance Code, weights, vectors, and data licences separately; authentication,
quota, cost, geographic restrictions, update and deprecation policy, and
offline-cache status.

Operational cost Latency, GPU/CPU memory, network requests, bytes transferred, local
storage, failure rate, and reproducible environment.

Table 6 records the information required to reproduce feature access and reuse. A locally
available adapter may expose less information than the released model supports. Inaccessible
artifacts remain unresolved rather than receiving zero scores or being excluded from the
literature.

Search introduces another access contract. Copernicus embedding datasets support
semantic and similarity queries (Augustyn et al., 2026), while language proxies can retrieve
locations from frozen Clay features (Walsh et al., 2026). Such neighbourhood-based results
require a retrieval evaluation and do not establish the calibrated mapping performance tested

here.
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Reuse can mean a fixed feature table, as in MOSAIKS (Rolf et al., 2021); adaptation
across tasks, as in METEOR (RuBBwurm et al., 2024); or semantically structured multimodal
pretraining, as in SkySense++ (Wu et al.,, 2025). These mechanisms share the broader
motivation discussed by Zhu et al. (2026), but require different controls when compared.

Deployment comparisons must account jointly for predictive quality, uncertainty,
latency, memory, transfer, licences and version stability (Fang et al., 2026; Gomes et al.,
2025; Ye et al., 2026). Pretraining, feature production, retrieval and downstream fitting have
different cost boundaries (Brown et al., 2025; Czerkawski et al., 2024; Feng, Atzberger, et al.,
2026; Feng, Jaffer, et al., 2026). Our encoder measurements address only their recorded

inference stage, not lifecycle efficiency.

4.2 Task definitions and validation evidence

The prediction unit determines the readout. Classification tests separation between
classes, regression tests continuous information, and dense mapping requires spatially located
features and aligned labels. Image-text retrieval, exemplified by RemoteCLIP (Liu et al.,
2024), asks a different question from supervised mapping. Performance cannot be transferred
between these tasks without testing the relevant output and support (Lacoste et al., 2023; X.
Liet al., 2025; Simumba et al., 2026).

For continuous targets, the perspective of Xue and Zhu (2026) motivates testing vision-
language representations, but proposed mechanisms and uncertainty methods still require
primary empirical validation.

Persistent land cover may be represented by annual summaries; flood timing and crop
development require observations that resolve the event or season. Likewise, footprint
fractions, point measurements and dense labels have different spatial meanings. Resampling
cannot restore information removed by pooling or temporal aggregation. These distinctions

determine the target units and support controls in Section 5.
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Even within vegetation mapping, forest change (Hansen et al., 2013), individual-tree
occurrence (Brandt et al., 2020) and carbon stocks (C. Tucker et al., 2023) define different
targets. Features that retain texture or cover need not retain structural or biophysical
information. Our separate land-cover, height and biomass targets test this distinction without
treating one outcome as a proxy for all vegetation tasks.

Ecological validation must preserve both measurement support and target definition.
Canopy height (Lang et al., 2023), mangrove structure (Simard et al., 2019), degradation
(Bourgoin et al., 2024) and waveform complexity (de Conto et al., 2024) have distinct
observation and supervision footprints. BioSCape (Cardoso et al., 2025), Reef Cover
(Kennedy et al., 2021) and oil-palm monitoring (Payne, 2021) likewise show why field
evidence, class definitions and image access must accompany a mapped label. A training
product cannot also be assumed to provide independent validation.

Temporal support separates state mapping from event detection. Dynamic World
(Brown et al., 2022) and the long-term surface-water record (Pekel et al., 2016) describe
different observation windows from flood-exposure mapping (Tellman et al., 2021) and radar
flood archives (Misra et al., 2025). Red-snow (Engstrom & Quarmby, 2023) and rainfall-
erosivity studies (Dai et al., 2023) further depend on event-sensitive information. The annual
water-persistence target used here therefore cannot validate flood timing or operational early
warning.

Agricultural evidence links evaluation to phenology. Studies of management and yield
(Ma et al., 2026), Senegalese crops (Lisaius et al., 2026), cropland (Zvonkov et al., 2026),
tomato fields (Narimani et al., 2026) and rice events (Brinkhoff & McGavin, 2026) use
different labels and observation windows. Feature distillation (Jing et al., 2026), Presto fine-

tuning (Butsko et al., 2025) and cross-continent crop transfer (Chang et al., 2025) also change
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the adaptation contract. Within-season information remains central (Weiss et al., 2020); our
annual targets and monthly inputs do not constitute crop-event or yield validation.

A useful evaluation reports label provenance, observation years, geographic partitions,
baselines, adaptation, uncertainty and computation. Capability-based assessment (Simumba
et al., 2026) must therefore be accompanied by source-dependence checks. Matching raw
observations, splits and tuning budgets helps distinguish representation gain from additional
input information.

Existing benchmarks cover complementary parts of this record: sensor and temporal
diversity in PANGAEA (Marsocci et al., 2026), environmental targets and geographic splits
in MMEarth-Bench (Gordon et al., 2026), and standardized downstream or embedding
protocols in PhilEO Bench and NeuCo-Bench (Fibaek et al., 2024; Vinge et al., 2026).
Calibration (Wei, 2026), spatial uncertainty (Johnson, 2026) and geographically concentrated
failures (Gonzalez-Calabuig et al., 2026) require additional diagnostics beyond aggregate
accuracy.

Absolute accuracy and relative robustness need separate interpretation. In REOBench,
ScaleMAE retained higher segmentation accuracy under corruption than GeoRSCLIP (Zhang
et al.,, 2024), despite suffering a larger proportional loss (X. Li et al., 2025). Training
exposure and adaptation also differed across assessed systems. A robustness score is
therefore meaningful only alongside clean performance and the evaluation contract.

Published cases show how support and controls qualify a result. Joseph et al. (2026)
related pooled Clay features to Brazilian forest-inventory occurrences using spatial folds. The
absence of matched raw-observation controls, differences between imagery and inventory
dates, and gaps in biome coverage limit what the comparison establishes about representation

gain and transfer.
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Li and Yu (2026) map China’s crop patterns for 2018-2021 at 10 m using annual
AlphaEarth vectors and crop-specific random forests (Breiman, 2001). More than 20 existing
crop maps supply consensus labels; cropland masks and cropping-intensity products further
constrain the output. The reported 92.60% overall accuracy and F1 of 0.7584 describe a 70/
30 split of consensus-map samples, while an administrative-area R? of 0.849 assesses
aggregated crop-area agreement. These different support-level checks do not establish
independent field validity, matched raw-band/time-series advantage, regional exclusion or
future prediction. Correlated source errors and minority-crop coverage constrain this scalable
mapping product.

Cropp (2026) evaluated reef-cover prediction from annual AlphaEarth features using in-
water observations, spatial buffers and site-year exclusions. Stronger exclusions reduced
reported agreement, optical controls remained competitive for some targets, and effective
support exceeded nominal grid spacing. Together with the crop-mapping case, this
demonstrates why independent labels, matched observations and temporal holdouts must
accompany an application score. These studies inform validation requirements; their scores
cannot be pooled into a model ranking.

Target validity is especially important when observable surface patterns proxy social
quantities. Consumption (Jean et al., 2016), economic well-being (Yeh et al., 2020),
development rankings (Ahn et al., 2023), settlement-light indicators (McCallum et al., 2022),
human-development estimates (Sherman et al., 2026) and mobility (Y. Xu et al., 2025) use
different labels and aggregation units. As Burke et al. (2021) emphasize, satellite inference
complements ground measurement. Survey support, label construction and subgroup errors
therefore remain part of validation.

Embedding-based GDP (Yue et al., 2026), survey-wealth (Pettersson & Daoud, 2026)

and urban economic predictions (Hou et al., 2026) further depend on fusion inputs and
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geographic partitions. Built-environment and mobility representations can also encode vector
or graph information (Choudhury et al., 2026; Wen et al., 2026). Their reported gains do not
establish that a satellite-only representation transfers between these targets. These tasks are
outside our experimental scope.

Object detection and process measurement also require different evidence. Inventories
of solar facilities (Kruitwagen et al., 2021), oil and gas infrastructure (N. Ramachandran et al.,
2024) and offshore activity (Paolo et al., 2024) locate objects or activity, whereas methane-
release assessment (Lauvaux et al., 2022) requires atmospheric information and attribution.
Spatial completeness, timing and missed objects cannot be replaced by an aggregate land-
cover score.

Air-quality studies illustrate the same boundary: embeddings used in Quito (Alvarez et
al., 2025) and alongside TROPOMI over Europe (Alvarez et al., 2026) provide surface
context, while methane quantification requires dedicated atmospheric benchmarks (Radman
et al.,, 2023). These uses motivate checking complementary inputs and ground calibration;
they are not validated by our surface-reference experiments.

Forest studies span plot biomass (Jin et al., 2026), geolocation-corrected inventories
(Sohrabi, 2026), incremental gains over environmental covariates (Watt et al., 2026) and
species classification (Ball et al., 2026). Forest and tree-crop extent (Paluba et al., 2026),
planted mangroves (Sun et al., 2026), plantations (Cava et al., 2026), dead-tree fractions
(Chowdhury et al., 2026) and communities (Gao et al., 2025) add different label definitions;
operational forestry adds deployment constraints (Mura et al., 2026). This diversity calls for
target-specific controls and explicit label provenance, rather than transferring a reported
advantage across forest tasks.

The same caution applies to steppe species (Strelnikov et al., 2025), fish diversity (Qi et

al., 2026), soil biodiversity (Cerna et al., 2026), carbon exchange (Du et al., 2026), peatland
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carbon and water-table depth (Koch et al., 2026), and canopy chemistry (Alam & Milas,
2025). Field sampling, predictor fusion and regional validation differ across these studies.
Recovering a target locally does not by itself establish geographic transfer or an advantage
over matched observations.

Published embedding studies examine streamflow (Ou & Zheng, 2025), discharge
correction (Lin et al., 2026), inundation (Betz et al., 2026), landslide susceptibility (Y. Cheng
et al., 2026), landslide change (Leonardi et al., 2025), fire severity (Mahato et al., 2026) and
burned area (Silva & Gongalves, 2026). Rock glaciers (Khajuria et al., 2026), surface
temperature (Lee-Burkhart et al., 2026) and evapotranspiration (Jiang et al., 2026) introduce
further temporal and physical constraints. Land-cover comparisons with spectral indices
(Khan & Ahmad, 2025), alternative classifiers (Mantey et al., 2026), seasonal inputs (Diaz-
Ireland et al., 2026) and temporal holdouts (Gbodjo & Ienco, 2026) show which controls are
needed. These are distinct tests, not interchangeable evidence for general environmental

prediction.

4.3 Experimental scope

These requirements motivate the controlled global comparisons and the separate Wuhan
diagnostics. The global experiment matches targets, locations and evaluation budgets within
declared input groups; the local study examines readout and partition sensitivity under its
historical conditions. Neither design validates all application domains represented in the
literature.

Figure 10 translates the preceding requirements into the tasks actually evaluated. Global
dominant-class and fraction targets test discrete and continuous information at a shared
footprint. Height, biomass and water-persistence references probe different environmental
signals. Geographic holdouts, alternative readouts, label budgets and footprint sizes examine

how observed gains depend on evaluation choices. The Wuhan case adds native-grid
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mapping and local partition diagnostics, with its own inputs and references. Retrieval,

forecasting, socioeconomic prediction and operational event monitoring remain outside these

experiments.
Task-Evaluation Matrix of Satellite Embeddings
Target support Feature requirement Readout / diagnostic Evidence in this study
1 1 ] 1 1 1 Il 1 Il 1 1 1 ] 1 1 1 1 1 1 Il
e e e e e e e e e e
Land-cover : e
BB Hcation [Domlnanl class] [Pooled vector] Logistic probe Global + Wuhan
Surface o - - . .
B fions [Footprlnt mlxture] [Contmuous sngnal] Ridge regression Global + Wuhan
2 R =iaton [Hei htlbiomass] [Structural si naIJ Ridge regression Global references
£ structure 9 9 ge reg
Bl
X
° Water [Annual persistence] [Water—related signal] Ridge regression Global JRC target
= persistence
Local dt_anse Native-grid labels Prototype readout Wuhan diagnostic
mapping
Retrieval / -
forecasting [Query / future state] [Semantlc / temporal] [Separate protocol] [Not evaluated]
I 1 ] il

T T

T T
From task definition to the scope of evidence
Task utility depends on target support, retained information, readout and independent validation.

Figure 10. Task requirements and the scope of the empirical evaluation. The matrix links target
support to the information required from a representation, the primary readout or diagnostic, and the
evidence supplied in Section 5. Global comparisons use pooled representations; the Wuhan study
additionally retains a native-grid prototype diagnostic. Annual JRC seasonality represents water
persistence rather than event timing. Global and local tasks retain different input and reference
contracts. The final row identifies retrieval and forecasting as requirements for separate evaluations,

not completed experiments. Colours distinguish matrix dimensions and carry no performance ranking.

5. Experiments

5.1 Data and design

Figure 11 places the completed global comparison within the broader review-to-
evaluation framework. The historical Wuhan case adds local spatial diagnostics; it does not

independently validate the global results.
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The global evaluation used a 9,132-location candidate frame derived from Major TOM
Core-S2L2A (Francis & Czerkawski, 2024), with Natural Earth continent attribution (Natural
Earth, n.d.) and RESOLVE 2017 biomes (Dinerstein et al., 2017) with sampling stratified by
biome and merged land-cover class. A 200 km buffer excluded the Wuhan verification region.
Input and target availability filters produced 4,409 annual single-scene locations and 3,014
monthly primary locations (Figure 12; Table 7). These cohorts have different geographic and
class compositions; they are not an area-proportional sample of global land. Annual and
monthly counts therefore describe separate evaluation populations, and their scores cannot
isolate the benefit of temporal input. Target-specific availability masks were identical for
every embedding and baseline within each subgroup and target.

The primary footprint was an aligned 640 m square with observations from 2021. G2a,
G2b and G3 are input-comparison groups, distinct from the release classes: G2a combines
eligible A2 and A3 image encoders, G2b contains A4, and G3 contains Al. SatCLIP remains
class B in both cohort-based comparisons. G2a contained SatMAE++ S2, TerraMind
(Jakubik et al., 2025), DOFA, FoMo, THOR, TerraFM (Danish et al., 2026) and Prithvi. All
received the same Sentinel-2 L2A acquisition (Drusch et al., 2011) and footprint, retaining
their native channel subsets and preprocessing; classical image baselines used the complete
shared 12-band source. G3 contained RemoteCLIP, SatMAE, SatMAE++ RGB, ScaleMAE
and WildSAT (Daroya et al., 2025), using the RGB channels of the same acquisition. G2b
contained Galileo, AnySat and AgriFM, using twelve within-month Sentinel-2 clear-pixel
composites with the common ten-band selection. Consequently, G2a comparisons evaluate
complete systems under shared acquisition conditions, rather than architecture alone under
identical channel selection. SatCLIP (ViT16-L40 location branch), the only location encoder,
received each location's centre coordinates and no imagery. It was evaluated on the annual

cohort against the G2a baselines and on the monthly cohort against the G2b baselines, with
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identical folds. These contrasts share target cohorts and readout protocols but compare
different query-time information; SatCLIP is not an image-input-matched member of either
subgroup. Checkpoint-required location and date encodings were retained, including Prithvi's
location and time metadata.

GSE and TESSERA (class Cl) are included in a separate product-performance
extension on 2,513 common 2021 locations at 640 m, alongside the fifteen scored image
encoders and SatCLIP. Identical source observations cannot be established for these annual
products, so their reference-baseline differences are not same-input controlled gains. Of the
twenty benchmarked systems, only SatVision-TOA and Copernicus-Embed-025deg remain
outside this global predictive comparison. SatVision uses native 1 km MODIS observations;
the available proxy-channel cache does not establish the required calibrated
MODO021KM/MODO03  provenance. Copernicus has 0.25-degree native support
(approximately 23 by 28 km in this cohort), and every 640 m footprint fails the native-pixel
support rule. Both retain historical Wuhan diagnostic records, but these do not supply

comparable 640 m global scores. Eligibility is an evaluation status, not a release class.
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Figure 11. Review-to-evaluation framework aligned with the completed analysis. Release classes,
model facets and deployment contracts define eligible matched global comparisons. Part I examines
accuracy, label efficiency, spatial transfer, readout sensitivity, spatial support, label dependence and
efficiency with matched raw-observation, coordinate and random-feature baselines. Part II retains the
historical Wuhan caches as local spatial diagnostics: embedding appearance, grid maps, readout
scores and paired controls. Its product labels and unequal input support do not provide independent
dense validation or global-to-local ranking evidence. Global and historical local results retain separate
comparison contracts and claims. Diagram construction used Al-assisted coding with OpenAl Codex
and Anthropic Claude Code (October 2026 workflow); the editable artwork and provenance are

retained.
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Annual inputs required at least 95% original valid pixels at every evaluated support. For
each calendar month, valid pixels were drawn from actual Sentinel-2 scenes in deterministic
order, taking the first available clear observation at each pixel. Monthly composites required
at least 90% original valid pixels in each of the twelve months; a nested 95% monthly
sensitivity retained 2,830 locations. The validity mask accepted scene-classification
categories 4—7 and 11, including unclassified surface and snow/ice. Residual invalid pixels
were filled using that observation's per-band valid-pixel median, with the same resulting
arrays used by all systems and image baselines. Missing months were not replaced by other
months. Calendar-month identifiers or the fifteenth day of the month encoded the composite
interval, not a common acquisition date for every pixel. The monthly threshold was fixed
before the main predictive outcomes. The stricter sensitivity changes both quality threshold
and cohort composition and therefore does not identify the effect of filling alone.

Twenty targets covered land cover, vegetation structure and water persistence.
WorldCover 2021 (Zanaga et al., 2022) and Esri 2021 (Esri, 2022) were mapped to six
classes: trees, low vegetation, crops, built, bare/snow and water. Each product supplied a
dominant-class target and six within-footprint class fractions. Further targets were CCI 2021
aboveground biomass (Santoro & Cartus, 2024), ETH 2020 canopy height (Lang et al., 2023),
quality-filtered 2021 GEDI rh98 and AGBD (Dubayah et al., 2020), and JRC 2021 water
seasonality divided by 12 and averaged over valid pixels. The twentieth target was six-class
classification restricted to locations where the two land-cover products' merged dominant
labels agreed. JRC therefore measures temporal water persistence, not spatial water fraction.
The six-class crosswalk retains the documented product definitions (Esri, 2022; Zanaga et al.,
2022); fractions are aggregated at each evaluated support.

WorldCover, Esri, CCI, JRC and all twelve fractions retained the parent cohort counts.

Annual/monthly availability was 3,910/2,790 for ETH, 2,127/1,785 for GEDI rh98,
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1,441/1,178 for GEDI AGBD, and 3,507/2,235 for agreement-conditioned classification.
ETH is explicitly a 2020 model-derived reference for 2021 imagery. GEDI targets retain their
sampled footprint support; their available-pixel averages do not represent a complete

inventory of every 640 m square. Table 7 records these target-specific denominators.

5.2 Evaluation protocol

Six baseline variants were constructed separately from each subgroup's input. BO
predicted the training-fold mean or majority class. Bl combined per-band statistics with
NDVI, EVI, NDWI, MNDWI, NDBI and NBR; RGB controls used colour statistics and
GLCM texture, while monthly controls used monthly features and Fourier harmonics. B2
encoded latitude/longitude, unit-sphere coordinates and angular sine/cosine terms. B3 used
fixed Gaussian 3 x 3 convolutional filters, ReLU and spatial mean pooling at 1,024 and 4,096
dimensions. This was a MOSAIKS-style random-feature control, not a reproduction of its
original sampling procedure. B4 concatenated B1 and B2. Monthly random filters received
the ordered 120 month—band channels. NDVI and green—NIR NDWTI follow their established
spectral definitions (McFeeters, 1996; C. J. Tucker, 1979).

Embeddings remained frozen. Standardization and PCA were fitted only on training data,
with both native dimensions and PCA-64 evaluated; feasible PCA rank was reduced when
limited by training-set size. Logistic regression and ridge regression (Cox, 1958; Hoerl &
Kennard, 1970) were the primary classification and regression readouts. kNN (Cover & Hart,
1967) and LightGBM tested readout dependence. Classification used fixed six-class macro-
F1 and regression used R?; these metrics were not pooled into a universal ranking.

Random evaluation comprised five-fold cross-validation repeated five times. Five-
degree spatial-block and leave-one-continent-out (LOCO) cross-validation assessed
geographic transfer. Shared source observations remained grouped in every split; geographic

splits additionally excluded training footprints within 1,280 m of a held-out centre. Few-shot
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experiments used shared nested subsets of 16, 32, 64, 128 and 256 total training locations per
fold, plus all training locations. G2a and G3 footprint analyses used 160, 320, 640 and 1,280
m inputs with labels re-aggregated at each support. Footprint and monthly-quality
sensitivities used the linear readout.

The headline quantity was A = score(embedding) — score(best matched baseline).
Matching fixed the subgroup, target, footprint, readout, representation and split. Percentile
intervals used 999 paired location-bootstrap draws, with every system evaluated on the same
resampled locations and the strongest of the six baselines reselected within each draw.
Repeated predictions for a location were kept together; random-CV scores averaged the five
repeat-level scores. The intervals condition on fitted cross-validation models and retained
reference values; models were not refitted during bootstrapping. They do not provide
simultaneous inference across the result matrix or test differences between readouts, budgets
or footprints. Observed winners are descriptive selections.

The product extension uses the pre-existing, source-verified 2021 GSE (64-dimensional)
and TESSERA v1.1 (128-dimensional) features on the frozen 2,513-location common cohort.
All eighteen systems and four reference controls (B0, B2, single-scene S2 B4 and monthly S2
B4) share target-specific locations, spatial five-fold and LOCO partitions, train-only
standardization and native linear readouts. Training locations sharing either annual or
monthly source groups with held-out locations are removed, in addition to the 1,280 m
geographic buffer. WorldCover, Esri, CCI and JRC retain 2,513 locations; ETH retains 2,318.
Product intervals use 999 paired spatial-block bootstrap draws, reselecting the strongest of
the four controls; location-resampling sensitivity is also retained. This separately versioned
comparison measures delivered-representation performance under differing input histories.
The product sensitivity analyses use the same admitted features and native linear readouts

(Figures 14—-16). Nonlinear product readouts and matched GPU costs are not evaluated.
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For GSE and TESSERA, label-efficiency analysis uses five repeats of random five-fold
cross-validation, with shared nested training subsets of 16, 32, 64, 128, 256 and all available
locations per fold. Both annual and monthly source groups are purged from training, and
preprocessing is fitted within each training subset. Transfer contrasts subtract the existing
spatial or LOCO reference delta from the random-CV delta on identical target-specific
locations. Footprint sensitivity pools centred 16, 32 and 64 pixel windows from source-
verified 10 m product grids, giving 160, 320 and 640 m supports. Both products must have at
least 95% valid pixels at every support. Target labels are reaggregated to each footprint, and
location cohorts and spatial partitions are fixed across supports. These curves use B0, B2 and
same-support single-scene S2 B4 controls; the 640 m label comparisons use the four-control
family defined above. Product intervals use 999 paired spatial-block bootstrap draws,
retaining repeated predictions together and reselecting the strongest reference. The cached
grids cover only 640 m, so no 1,280 m product point is estimated. Pooling support is not the
receptive field of the provider encoder.

All 792 admitted evaluation jobs completed, producing 29,352 measured system cells
and 326,202,930 out-of-fold prediction records. A separate 320-job location-encoder
extension used the same evaluator on the annual and monthly cohorts. It contains 1,120
SatCLIP cells and 6,720 repeated baseline cells, which are kept separate from the original
29,352-cell count. All 3,360 native-feature baseline cells reproduced the published G2a or
G2b values exactly; 27 of 3,360 PCA-64 baseline cells differed by at most 0.004 through the
PCA solver. The original 29,352-cell total includes the separately identified strict monthly
sensitivity. Coverage and integrity checks passed, and an independent reconstruction checked
every published score against saved predictions and authoritative reference tables. Prediction
records repeat locations across evaluation settings and are not independent sample counts.

The complete result tables retain baseline failures and negative embedding deltas. The
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common-cohort product extension completed a further 220 system-target-split evaluations,
including the controls, with 544,280 saved out-of-fold prediction rows. Paired fold identities,
annual and monthly source-group separation, readout convergence and scores recomputed
with an independent metric implementation all passed. The product sensitivity extension adds
26 settings and 1,417,677 out-of-fold prediction rows; independent scoring, nested-budget
identities and fixed footprint cohorts and partitions passed verification.

Centred linear CKA (Kornblith et al., 2019) and cosine-neighbour overlap at k = 20 use
2,513 common locations across 18 systems: fifteen scored image encoders, SatCLIP, GSE
and TESSERA. The two products also enter the separate predictive extension; the geometry
analysis itself assigns no predictive gain. CKA uses native unstandardized features and
float64 accumulation. Cost records retain warm batch-one preprocessing and synchronized
encoder execution on the shared RTX 4090 environment, peak allocated VRAM and native
float32 vector storage.

The Wuhan study uses 567 adjacent 500 m tiles. Its fixed split and twenty repeated local
splits measure different aspects of within-window readout and partition sensitivity. They
complement the global analysis but do not independently validate its geographic transfer or
provide a common model ranking.

Wuhan T1 linearly probes four WorldCover dominant classes from pooled tile
embeddings; T2 uses validation-selected ridge for four fractions. Their fixed 341/113/113
split yields a final T2 fit on 454 training/validation representations after train-only
standardization. T3 uses a tile-level binary head, JRC fraction threshold 0.5 and validation-
IoU stopping. T4 uses four cached blocks: training pixels supply class prototypes, validation
pixels calibrate thresholds, and test pixels are evaluated on native representation grids.
Different grids, resampled labels and prompt counts preclude a matched-pixel or zero-shot

interpretation. These four archived readouts ask different questions even within one window:
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dominant tile class, continuous fraction, binary tile water and dense native-grid labels are
distinct outcomes. Their original training, validation and testing roles are retained; the

subsequent repeated-split controls do not overwrite the historical fixed-split results.

5.3 Global performance

The final annual and monthly cohorts exceeded 3,000 locations but represented different
observation-availability filters (Figure 12). The annual cohort contained 1,398 tree, 1,782
low-vegetation, 503 crop, 27 built, 612 bare/snow and 87 water locations; the monthly cohort
contained 548, 1,247, 345, 17, 815 and 42, respectively. Retaining all six classes in macro-F1
prevented dominant classes from determining the metric alone, although sparse built and
water samples constrain interpretation. ETH and GEDI coverage further changed the
evaluated population (Table 7). Accordingly, comparisons below are within input subgroup
and target, rather than rankings of modalities or estimates of area-weighted global map
accuracy.

WorldCover (Zanaga et al., 2022) and Esri (Esri, 2022) provide alternative land-cover
references. The CCI biomass (Santoro & Cartus, 2024) and ETH canopy-height (Lang et al.,
2023) results quantify reconstruction of those products. Their source dependence and target-

specific coverage constrain ecological interpretation, as discussed in Section 6.3.

Table 7. Global comparison groups and target-specific coverage at 640 m.

Group / systems Parent n ETH GEDI rh98 GEDIAGBD Agreement
G2a/ 7 multispectral + 4,409 3910 2,127 1,441 3,507
SatCLIP (B)

G2b / 3 monthly + SatCLIP 3,014 2,790 1,785 1,178 2,235

(B)

G3/5RGB 4,409 3,910 2,127 1,441 3,507
Product extension / 18 2,513 2,318 — — —

systems incl. GSE,

TESSERA (C1)
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1194

Group / systems Parent n ETH GEDI rh98 GEDI AGBD Agreement

GSE/TESSERA label
sensitivity (C1)

2,513 2,318 1,468 — 1,939

Not eligible / SatVision-TOA Unavailable — — — —
(A2), Copernicus-Embed
(CD)

Within each G2a, G2b or G3 subgroup, all systems and six baseline variants share target-specific locations.
WorldCover, Esri, CCI, JRC and the twelve fractions retain parent counts; the strict monthly sensitivity has
2,830 locations. The primary product extension refits eighteen systems and four controls on 2,513 common
locations, with 2,318 for ETH. The additional GSE/TESSERA label sensitivity has 1,468 GEDI rh98 and 1,939
agreement-conditioned locations; GEDI AGBD is not evaluated for these products. Annual, monthly and
extension cohorts overlap and must not be added as distinct locations. Product results measure practical
performance under different input histories. SatVision and Copernicus remain unavailable for support-matched
640 m global prediction.
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Figure 12. Global evaluation cohorts and biome coverage. The annual cohort contains 4,409 locations
shared by G2a and G3; the monthly cohort contains 3,014 G2b locations. Panels a and b map the
cohorts in a Robinson projection, with colours indicating merged WorldCover classes; side bars count
locations per 5° latitude band. Panel ¢ compares biome counts between the two cohorts. Biome—land-
cover stratification, a 200 km Wuhan exclusion and input/target availability define these populations.
Monthly availability changes their composition; the sample does not estimate area-weighted global
map accuracy.

The G2a, G2b and G3 blocks of Figure 13 and Table 8 report primary spatial-CV
contrasts at 640 m with native features, linear readouts and all training labels. The largest
observed WorldCover delta was +0.1106 [0.0646, 0.1374] for TerraMind in G2a, +0.0977
[0.0500, 0.1374] for Galileo in G2b, and +0.1046 [0.0671, 0.1408] for SatMAE++ RGB in
G3. Individual intervals were wholly positive for only three of seven G2a, one of three G2b
and two of five G3 systems. Positive best-system results therefore did not establish a
subgroup-wide advantage.

For CCI biomass, TerraMind reached R* = 0.8092 against B4 at 0.6519, giving A =
+0.1573 [0.1404, 0.1732]. Galileo's G2b contrast was +0.3746 [0.2477, 0.5415], and
SatMAE++ RGB's G3 contrast was +0.2166 [0.1901, 0.2442]. These gains show that the
frozen representations retained useful predictive information beyond their matched controls
for this reference. Their different baselines and populations prevent interpreting the delta
magnitudes as a ranking across groups.

The positive G2a pattern also extended to Esri classification and JRC water persistence:
TerraMind’s spatial deltas were +0.1348 [0.0987, 0.1546] and +0.2380 [0.1954, 0.2851],
respectively. For GEDI rh98, TerraMind reached R? = 0.6527 against B1 at 0.5518, giving A
= +0.1009 [0.0527, 0.1453] on 2,127 locations. It was the only G2a system with a wholly

positive spatial rh98 interval; the other six intervals were wholly negative. Useful height-
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reference information was therefore accessible in a selected representation without extending
to the full multispectral subgroup.

GEDI AGBD gave a contrasting result. Every G2a and G3 embedding had an individual
interval wholly below zero in all three splits under the primary native linear readout. Even the
observed spatial winners lost: TerraMind had R? = —0.0710 and A = —0.2919 [-0.7308,
—0.1309]; WildSAT had R? = —0.0691 and A = —0.1978 [—0.4665, —0.1081], each on 1,441
locations. The failure was readout-specific: native LightGBM vyielded a positive TerraFM
contrast of +0.0539 [0.0143, 0.1534], with R* = 0.2559 versus B4 at 0.2021. Thus
information accessible to a nonlinear readout cannot be inferred solely from the primary
linear result.

SatCLIP, the location encoder, did not exceed the strongest matched baseline for
WorldCover. Under spatial CV its annual macro-F1 was 0.4865 against B3-1024 at 0.6533,
giving A = —0.1667 [-0.2157, —0.1313]; the monthly contrast was —0.2306 [—0.2823,
—0.1826]. On the annual cohort, where the controls summarize one 12-band acquisition, 18 of
20 spatial intervals were wholly negative and none was wholly positive. On the monthly
cohort, whose controls are ten-band monthly summaries, 6 intervals were wholly positive, 7
wholly negative and 7 included zero; the positive cases were crop, low-vegetation and
bare/snow fractions and GEDI rh98 (A = +0.1879 [0.0954, 0.2389]), for which the coordinate
control B2 was itself the strongest baseline. SatCLIP exceeded B2 for 14 annual and 14
monthly targets, for example by +0.2404 in annual WorldCover macro-F1. The learned
location representation therefore supported better prediction than the specified raw-
coordinate features on most targets, while positive intervals against the strongest of all six
baselines were confined to six monthly-cohort targets.

The added product block in Figure 13 reports the separate common-cohort comparison.

Spatial WorldCover macro-F1 was 0.8466 for GSE and 0.8119 for TESSERA, against 0.7088
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for the strongest reference control, monthly S2 B4. Their differences were +0.1378 [0.0985,
0.1782] and +0.1032 [0.0586, 0.1455], respectively. Both products had individually positive
reference-difference intervals for all five targets under spatial CV and LOCO. These are
conditional, non-simultaneous intervals against the four specified controls. The complete
eighteen-system common-cohort scores are retained with the extension; comparing these
product deltas directly with the original subgroup deltas would conflate cohorts, input

histories and baseline families.

Table 8. Selected native linear spatial-CV contrasts at 640 m, with all training labels.

Group / target System (n) Score Best baseline A [95% CI]
G2a/WorldCover  TerraMind (4,409) 0.7638  B3-1024:0.6533  +0.1106 [0.0646, 0.1374]
G2b/ WorldCover  Galileo (3,014) 0.8085  B4:0.7108 +0.0977 [0.0500, 0.1374]
G3 / WorldCover SatMAE++ RGB 0.6384  B3-4096:0.5338  +0.1046 [0.0671, 0.1408]
(4,409)
G2a/CCI TerraMind (4,409) 0.8092  B4:0.6519 +0.1573 [0.1404, 0.1732]
G2b/ CCI Galileo (3,014) 0.6985  B4:0.3239 +0.3746 [0.2477, 0.5415]
G2a cohort / SatCLIP, B (4,409) 0.4865  B3-1024:0.6533  —0.1667 [-0.2157, —0.1313]
WorldCover
G2a cohort / CCI SatCLIP, B (4,409) 0.4412  B4:0.6519 —0.2106 [-0.2470, —0.1795]
G2b cohort / SatCLIP, B (3,014) 0.4802  B4:0.7108 —0.2306 [—0.2823, —0.1826]
WorldCover
G2b cohort / CCI SatCLIP, B (3,014) 0.2979  B4:0.3239 —0.0260 [—0.1546, 0.1236]
G3/ETH RemoteCLIP (3,910) 0.6867  B4:0.4789 +0.2078 [0.1880, 0.2289]
G2a/ AGBD TerraMind (1,441) —0.0710 B4:0.2209 —0.2919 [-0.7308, —0.1309]
G3/AGBD WildSAT (1,441) —0.0691 B4:0.1287 —0.1978 [-0.4665, —0.1081]
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Figure 13. Embedding differences from reference baselines, shown as a clustered heatmap with
separate input-comparison and product blocks. All cells use 640 m support, native features, linear
readouts, spatial CV and all training labels. G2a, G2b and G3 report differences from the strongest of
six subgroup baselines, reselected in 999 paired location-bootstrap draws; SatCLIP shares the G2a
and G2b cohorts but receives coordinates only. The separated product block (T) shows GSE and
TESSERA on 2,513 common locations (2,318 for ETH), relative to the strongest of four refitted
controls: B0, B2, single-scene S2 B4 and monthly S2 B4. Its 999 paired spatial-block bootstrap draws
reselect that reference. Product inputs are not matched to the controls; these are practical reference
contrasts, not same-input gains. Asterisks mark intervals excluding zero using unrounded bounds.
Colour retains signed differences on the original scales (macro-F1 clipped at £0.15, R? at £0.40);
strips identify metric and release class. Ward trees for targets and (G2a/G2b/G3 systems use row-
standardized profiles of those seventeen columns; systems are clustered only within their subgroup.
Filled/open circles mark at least 85%/60-85% recovery in 2,000 normal-perturbation draws; support
is approximate because cells share locations. The two products form a separate branch. Table 7
supplies subgroup and product-extension counts, and Table 8 selected subgroup intervals. JRC

measures water persistence; ETH is a 2020 reference. SatVision and Copernicus lack source-verified,
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support-matched 640 m global inputs. Intervals condition on fitted models and are not simultaneous.
Different input histories, cohort sizes, comparator families and resampling units preclude interpreting

the blocks as a common ranking.

5.4 Label efficiency and transfer

Under repeated random CV, TerraMind's G2a WorldCover delta increased from
+0.0505 [0.0378, 0.0620] with 16 training locations per fold to +0.1087 [0.0751, 0.1332]
with all training locations (Figure 14). In contrast, AnySat's G2b CCI biomass intervals were
wholly negative throughout budgets 16-256; its 256-label delta was —0.3807 [-0.5671,
—0.2388], compared with +0.2062 [0.0149, 0.3219] at all-training. Frozen pretraining
therefore did not guarantee an advantage in the low-label regime.

The corresponding secondary-readout results also constrain conclusions about
representation quality. Galileo's positive native linear spatial WorldCover contrast became a
native kNN delta of —0.0294 [-0.0770, 0.0239]. Training budget, feature dimension and the
strongest baseline all affect delta. The curves describe each fixed representation-readout
setting; neither non-monotonicity nor differences between interval endpoints constitute a
formal test of changes across budgets or readouts.

The product block adds a distinct low-label pattern. With 16 training locations per fold,
GSE had a WorldCover reference delta of +0.0453 [0.0257, 0.0629], whereas TESSERA had
—0.0227 [-0.0418, —0.0043]. At all-training, their deltas were +0.1440 and +0.1042. These
contrasts use the product-specific common cohort and four reference controls; they do not

establish a ranking against the separate image-encoder cohorts.
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1292  Figure 14. Label efficiency relative to reference baselines. Native linear readouts use five repeats of
1293 random five-fold CV and shared nested budgets of 16-256 total training locations per fold; All is a

1294  separate category. (a—i) G2a, G2b and G3 use their six subgroup baselines. Black stars mark SatCLIP,
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which shares the G2a and G2b cohorts, folds and references. (j—1) GSE and TESSERA use 2,513
common locations (2,318 for ETH) and four refitted controls: B0, B2, single-scene and monthly S2
B4. The product block (1) measures practical performance under different input histories. Shading and
bars show paired 95% intervals, reselecting the strongest reference and retaining repeated predictions
together: location resampling for the original subgroups and spatial-block resampling for the products.
Intervals condition on fitted models and do not test changes across budgets. Different cohorts, inputs
and reference families preclude a common cross-block ranking.

Figure 15 separates geographic changes in baseline-relative advantage from changes in
absolute prediction. Galileo's G2b CCI R? decreased from 0.7028 under random CV to
0.6985 under spatial CV and 0.6238 under LOCO. Delta nevertheless rose from +0.5080
under random CV to +0.6631 under LOCO because the best baseline fell from 0.1947 to
—0.0392. A larger transfer delta can therefore accompany poorer absolute prediction.
Figure 15 reports point differences between protocols; it does not assign a paired causal
interval to the transfer drop.

Readout dependence was pronounced in the same LOCO target. LightGBM increased
Galileo's R? to 0.7262, but increased the strongest baseline to 0.7819, reversing delta to
—0.0558 [-0.0913, —0.0184] from the linear value of +0.6631 [0.3943, 0.6869]. GEDI AGBD
exposed a further transfer limitation: Galileo's spatial delta was +0.0519 [0.0100, 0.2518],
with a low absolute R? of 0.0539, whereas its LOCO delta was —0.4870 [—2.5590, —0.1885].
Geographic robustness must therefore be assessed jointly from the embedding score, matched
baseline and reference target.

For both products, random-to-spatial loss of delta was small on WorldCover (+0.0062
for GSE and +0.0010 for TESSERA). On CCI, random minus LOCO delta was negative
(—0.2373 and —0.1485), indicating a larger reference-relative advantage under LOCO, not an
improvement in absolute ecological accuracy. These point differences share exactly the same

target-specific locations and are not significance tests.
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Figure 15. Change in baseline-relative advantage under geographic transfer. Points show random-CV
A minus spatial-block or leave-one-continent-out A. Positive values indicate narrowing advantage;
each protocol selects its own strongest reference. Target-specific locations, support, representation
and readout are fixed within each comparison. Source groups are purged from training, with a 1,280
m exclusion buffer in geographic splits. These are point differences without confidence intervals for
the transfer difference. Absolute embedding and baseline score drops are retained with the results.

SatCLIP appears in the G2a and G2b rows. The C1 product row (1) adds GSE and TESSERA on
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2,513 locations (2,318 for ETH), using B0, B2, single-scene and monthly S2 B4 controls; both annual
and monthly source groups are purged. Different inputs, cohorts and reference families preclude a

common ranking across blocks.

5.5 Spatial support and references

On the same 4,400-location WorldCover footprint cohort, TerraMind's spatial native
linear delta increased from +0.0584 [0.0254, 0.0802] at 160 m to +0.1340 [0.0904, 0.1667] at
1,280 m; DOFA's intervals included zero at all four supports (Figure 16). Because both input
context and aggregated reference support changed, this pattern cannot isolate a causal benefit
of larger image context. Extreme failures remain visible: ScaleMAE at 160 m on the paired
spatial CCI target had A = —87.9544 [-278.6438, 0.2666], whose interval includes zero. Full-
range panels retain this result alongside labelled detail views.

Fraction targets likewise mixed gains and failures. Spatial examples were +0.3963
[0.2853, 0.4658] for G2a SatMAE++ S2 on WorldCover built fraction and +0.5235 [0.3793,
0.5540] for G2b Galileo on WorldCover crop fraction. Conversely, AgriFM's spatial
WorldCover built delta was —0.8531 [—1.6802, —0.4049]. Agreement-conditioned
classification produced positive observed winner contrasts in all three groups, yet AnySat's
spatial delta remained negative at —0.1174 [—0.1736, —0.0750]. Product agreement selects a
different population and does not independently validate labels; the twelve fractions are
compositional within products and correlated across them.

GSE and TESSERA also enter the footprint and reference-label comparisons. Their
support curves use fixed cohorts of 2,508 WorldCover and 2,513 CCI locations at 160, 320
and 640 m. Only the pooled product features and aggregated references change support; the
provider encoder context is not manipulated. The 1,280 m points remain unavailable because
the admitted product grids contain no pixels beyond 640 m. At 640 m, GEDI rh98 reference

deltas were +0.2736 [0.2246, 0.3312] for GSE and +0.0823 [0.0342, 0.1274] for TESSERA
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1354  on 1,468 locations. Agreement-conditioned land-cover deltas were +0.1616 [0.1243, 0.1978]

1355 and +0.1280 [0.0851, 0.1646] on 1,939 locations. Positive contrasts with these reference
1356  products do not supply independent ecological validation.
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Figure 16. Footprint and reference-label dependence. (a—d) G2a and G3 support curves use 4,400
WorldCover or 4,408 CCI locations and fixed partitions across 160—1,280 m; inputs and labels both
change support. (e, f) GSE and TESSERA use 2,508 WorldCover or 2,513 CCI locations at 160, 320
and 640 m, with fixed spatial partitions, reaggregated labels and B0, B2 and same-support single-
scene S2 B4 references. Their 1,280 m points are marked Not cached; pooling support does not
represent encoder receptive field. (g, h) At 640 m, WorldCover, Esri, their agreement subset, ETH
2020 height and GEDI 2021 rh98 are compared at their actual coverage. Products use four references
including monthly S2 B4. Open symbols mark intervals including zero. Native linear spatial-CV
intervals use paired location resampling for G2a/G3 and paired spatial-block resampling for CI,
reselecting each block’s strongest reference. Product agreement is not independent validation. Arrows
and printed intervals retain the two ScaleMAE values outside the plotted windows. SatCLIP appears
in g and h at 640 m only. The C1 product block (1) has different inputs and comparator families and is

not a common ranking with the image encoders.

5.6 Geometry and efficiency

Figure 17 compares centred linear CKA and cosine-neighbour overlap for all 18 systems
with 640 m support on the common 2,513-location cohort: 15 image encoders (class A),
SatCLIP (B) and the GSE and TESSERA products (C1). The 16- and 17-system extensions
share this exact cohort; joining them adds only the SatCLIP-GSE and SatCLIP-TESSERA
pairs, and every previously computed pair reproduces (maximum CKA difference 1.2 x 1075;
identical neighbour overlap). SatMAE—ScaleMAE had the largest observed CKA, 0.855614,
while their mean 20-neighbour overlap was 0.282511. High representation similarity is
therefore a descriptive property, not evidence of equal task performance or robustness.
SatCLIP's CKA with the image encoders ranged from 0.152 to 0.409. Among the 153 distinct
pairs, GSE-TESSERA had the highest neighbour overlap (0.464306; CKA = 0.421894),
followed by SatCLIP-GSE (0.401015; CKA = 0.515565, GSE's largest CKA with any

system). Averaged by class, both products shared more local neighbours with the location
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encoder (0.401 for GSE, 0.283 for TESSERA) than with the image encoders (0.141 and
0.143), indicating similar local-neighbour structure in these feature spaces. This comparison
does not isolate geographic position from the spatial distribution of environmental conditions.
These descriptive comparisons do not establish controlled predictive gains for B or C1.

The efficiency panels retain separate within-subgroup point-estimate Pareto fronts.
Measured costs comprise warm batch-one encoder latency on the shared RTX 4090
environment, process-allocated peak VRAM and native float32 vector bytes. Timing includes
preprocessing and synchronized encoder execution but excludes acquisition, payload loading
and readout fitting; concurrent host activity was not isolated. These measurements quantify
the observed inference setting and storage burden, without claiming deployment throughput

or end-to-end acquisition cost.
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Figure 17. Representation similarity and measured efficiency. (a) Upper triangle of centred linear
CKA for the 18 benchmarked systems with 640 m support on 2,513 common locations; square colour
and area follow CKA, and brackets mark subclasses. Curves link each class (A image encoders, B
location encoder, C precomputed embedding products) to every system; curve width bins the mean
cosine 20-neighbour overlap between that system and the other members of the class (dashed below
0.10). Self pairs are excluded, so B has no curve to SatCLIP. (b, ¢) Native linear spatial WorldCover
A against warm encoder latency (broken axis) and native float32 vector storage (ordinal classes;

systems with equal storage are offset horizontally). Vertical lines are paired 95% intervals; staircases
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are within-subgroup point-estimate Pareto fronts, and open markers lie off their front. SatCLIP, GSE
and TESSERA have no matched GPU cost record and are absent from b and c. Timing includes
preprocessing and synchronized encoding, excludes acquisition/loading/readout fitting, and was not

isolated from concurrent host activity.

5.7 Wuhan case study

The Wuhan experiment uses 567 adjacent 500 m tiles. Its historical split has 341 training,
113 validation and 113 test tiles. The original 19-system records and prompt counts remain in
Supplementary Methods S4; the SatCLIP extension increases the current catalogue to 20
systems. SatCLIP was added on 9 October 2026 with the same frozen split, using only tile-
centre coordinates. Retrospective audit confirms Scale-MAE’s centre crop reduced input
support while exported arrays retained the full bounding box without crop offsets; per-axis
coverage depends on aspect ratio. SatMAE intensity-scaling effects remain unresolved.
Archived orderings therefore do not establish matched support/preprocessing; the raw-
observation—GSE pairing has separate provenance.

Figure 18 shows the historical Wuhan window and, for every cached system, the first
three principal components of its own embedding grid. The contrast between 10 m C1 fields,
patch-token grids and SatCLIP's smooth coordinate field makes differences in spatial support

visible before any readout is fitted; colours are not comparable between systems.

78



1422
1423

1424
1425
1426
1427
1428
1429
1430
1431

1432

(a) Sentinel-2 RGB (May-Oct 2021)

i§

(b) ESA WorldCover 2021 (c) Location

|

|
A

w5 Y

5 ) S Wuhan
W Tree cover Wi Bare/sparse

Grassland = Water

Cropland ™ Herbaceous wetland

= Built-up

Window 114.35-114.47°E, 30.48-30.56°N
(=11.5 x 8.8 km; 2 x 2 blocks)

(d)-(g) First three principal components of each system's own embedding grid shown as RGB (2-98% stretch); label = dimension - output cell

(d) A1 RGB image encoders

Scale-MAET WildSAT

768-d - 14x14 - =411 m,

(e) A2 fixed-schema multispectral

SatMAE++ (S2 Prithvi-EO-2.0 TerraFM SatVision-TOA

(f) A3 channel-adaptive A4 multitemporal sequence
DOFA Galileo
- -

1024-d - 14x14 - =411 m|

(g) B location encoder
SatCLIP

256-d * 20 m| 4 |768-d - 0.25° - buffer*

(h) Shoreline detail, =3.0 x 2.5 km (same extent in every panel)
SatCLIP

Figure 18. Historical Wuhan window and map-level appearance of the 20 cached representations. (a)
Sentinel-2 RGB median composite for May—October 2021 and (b) ESA WorldCover 2021 in its
original map legend, before aggregation to the four historical Wuhan target classes, over the 2 x 2-
block window (114.35-114.47°E, 30.48-30.56°N; about 11.5 x 8.8 km); (¢) location. (d)—(g) For each
system, the first three principal components of its own cached embedding grid over the same window
are shown as RGB with a 2-98% stretch per component. PCA was fitted separately for every system
on up to 200,000 of its own valid cells, so colours are not comparable between panels; only spatial
structure is. Frames and headings follow the frozen release classes (A1-A4 image encoders, B
location encoder, C1 gridded embedding fields). Labels give the embedding dimension, the output

grid per block and the approximate output cell implied by that grid; image encoders received each
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block (about 5.8 % 4.4 km) resized to their input size, so their token cells (about 240 m—1.4 km) are
set by the adapter configuration rather than by a native product resolution. Asterisks mark SatVision-
TOA (1 km MODIS input) and Copernicus-Embed (0.25° product), whose grids were sampled with 3
km and 15 km buffers and are not co-registered with the window. The cached TESSERA map layer is
the 2024 product, whereas the other dated inputs refer to 2021; SatCLIP has no temporal input.
SatCLIP receives only the coordinates of a 20 m grid, so its smooth gradient shows location
dependence rather than land-surface content. (h) The same 3.0 x 2.5 km shoreline extent in six panels
shows the difference between 10 m fields, a 20 m coordinate grid and patch-token outputs.
Quarantined adapters (SatMAE, unresolved radiometric provenance; Scale-MAE, confirmed
crop/bounding-box support mismatch). The panels are visual diagnostics, not accuracy measures, and
imply no ranking.

Figures S8 and S9 map the fixed-split tile predictions and the native-grid prototype
predictions of every system beside the reference; training tiles in Figure S8 are in-sample fits.
In Figure S10, fixed-split tile macro-F1 is 0.890 (GSE), 0.836 (AnySat) and 0.830
(TESSERA). The four classes include just five cropland tiles, making macro-averages
sensitive to very few examples. Figure S10 keeps each metric as a separate row instead of
collapsing the metrics into one aggregate ordering; its dendrograms group similar score
profiles and do not rank systems. They characterize the archived pipelines under their original
local conditions; displaying all systems does not certify equal extraction support or
independently validate the unquarantined adapters.

Four-target mean Spearman is 0.881 (GSE), 0.866 (TESSERA) and 0.852 (THOR).
SatCLIP reaches macro-F1 0.408, above only Copernicus and the three SatMAE-family
representations, and Spearman 0.598 (built-up) to 0.285 (vegetation). Its embedding varies
only slightly within the window, so these random-split scores mainly reflect interpolation
between adjacent tiles (Figures 18g and S8). Figure S10b shows built-up, vegetation,

cropland and water separately; their mapped fractions are not independent field
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measurements or a task-independent quality score. Supplementary Figure S7 preserves
reference-versus-prediction scatter plots for six illustrative systems on the 113 fixed test tiles.

The pooled-tile supervised binary water head (Figures S8b and S10c) yields IoU 0.895
(DOFA), 0.868 (THOR) and 0.846 (TerraMind) on 36 water and 77 non-water test tiles.
These labels do not measure dense shoreline recovery. SatCLIP's water loU is 0.394.

Native-grid class prototypes (Figures S9 and S10d) yield mean IoU 0.615 (GSE), 0.503
(TESSERA) and 0.402 (AnySat). Different grids and prototype counts prevent common-pixel
interpretation. SatCLIP, evaluated on a 20 m coordinate grid, reaches mean IoU 0.090. In the
separate binary prompt/threshold diagnostic, FoMo IoU 1.000 used three positive and 22
negative prompts. Supplementary Methods S4 records all prompt counts and the JRC rule; no
prompt-budget-independent ordering follows.

The cache-only controls use 20 deterministic stratified seeds, 339/114/114 splits
(distinct from the fixed 341/113/113 split), and 400 test-tile bootstrap resamples per run.
After adding SatCLIP, the merged records contain 440 classification rows, 1,760 regression
rows, 22 row-block rows, 115 dimension-sensitivity rows, eight label-sensitivity rows and
190 geometry pairs. The original rows are preserved; the SatCLIP extension adds only its
own records. Figures S11a and S11b show each system and target in release-class order, with
quarantined adapters marked. Whiskers show one sample SD across the reused-data splits,
not uncertainty across independent regions. Comparing systems requires paired scores
because marginal whiskers do not describe uncertainty in a difference.

Repeated macro-F1 (mean+ SD) is 0.7785 £+ 0.1124 (GSE), 0.7341 + 0.0775 (raw
Sentinel-2), 0.7315 + 0.1169 (TerraMind) and 0.7159 + 0.0845 (TESSERA). GSE-raw is
+0.0444 (95% paired-bootstrap interval [—0.0092,0.0969], sign-flip p = 0.1482, original-
family BH g = 0.1743). Nondetection is not equivalence; the interval permits a practically

relevant positive difference. Four-target mean Spearman is 0.8803 £+ 0.0103 (GSE),
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0.8756 £ 0.0120 (raw), 0.8628 £ 0.0143 (TESSERA) and 0.8448 £+ 0.0145 (THOR).
GSE-raw is +0.0047 (95% interval [—0.0016,0.0104], p = g = 0.1559); TESSERA-raw
is —0.0128 (q = 0.0027).

Tests use 100,000 sign flips and 10,000 bootstrap resamples of 20 paired seed
differences, with Benjamini—Hochberg correction within metric. They differ from 400 within-
run test-tile resamples and Supplementary Figure S4’s seed quantiles. The original 20-
comparison family includes both suspect adapters. Retrospectively excluding SatMAE/Scale-
MAE leaves 18 comparisons and GSE q = 0.1778/0.1559 for classification/regression,
without changing conclusions. This is a sensitivity, not a prespecified family. Raw/GSE
features were separately verified. Reused local tiles make these intervals split sensitivity
rather than independent-region uncertainty. Figures 19a and 19b pair the same splits, while

retaining the different raw-observation and precomputed-product information contracts.
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Figure 19. Paired controls and sensitivity analyses in the Wuhan window. (a, b) GSE versus raw

Sentinel-2 summaries on the same 20 reused-data splits of 567 tiles: (a) land-cover macro-F1 and (b)

mean Spearman correlation over four fraction targets. The dashed identity line marks equal scores;

r_splits is the Pearson correlation between paired scores across splits. Marginal Gaussian kernel

densities use Scott bandwidths and are separately peak-scaled for display. The mean paired

differences (GSE minus raw S2) are +0.0444 and +0.0047. Splits reuse tiles, so no inferential

confidence band is shown. (c) Train-only PCA dimension sensitivity for five prespecified

representations: mean test macro-F1 and one SD across seeds 0-4. Standardization and PCA are fitted

on the 339 training tiles; a fixed C = 1 logistic classifier is fitted on the 453 training and validation

tiles and tested on 114 tiles. Only feasible dimensions are shown (115 recorded seed-level rows); the
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five-feature index control has no eligible point. (d) Label-purity sensitivity: macro-F1 for GSE and
raw S2 at minimum dominant-class fractions of 0.5-0.8, with one stratified 75/25 split per threshold
(seed 123; fixed C = 1 classifier). Stacked bars show retained tiles by source class (built-up,
vegetation, water, and cropland); totals are 511, 398, 293, and 204, with 3, 2, 2, and 0 cropland tiles,
respectively. Macro-F1 averages observed test classes; a value of 1.0 does not establish perfect
generalization as class support shrinks. Small horizontal offsets in (¢, d) separate overlapping marks;
nominal dimensions and thresholds are given by the ticks. Neither quarantined adapter enters (c) or
(d). All results are local split diagnostics, not evidence of equivalence, architecture effects under
matched information, or independent-region transfer.

The Wuhan row-block holdout trains on rows 10-22, validates on rows 23-25 and tests
on rows 26-30 (351/80/131 tiles). Cropland lacks training support and is excluded. Three-
class macro-F1 is 0.9711 for raw observations and 0.9615 for GSE; Figure S11c includes 20
cached systems and the two controls. SatCLIP reaches 0.2885, compared with a repeated
random-split mean of 0.4559 + 0.0313. Because the class sets and retained cases differ, this
contrast cannot isolate an effect of spatial separation. It does show that the location-only
representation performs poorly in this specific local holdout.

Of six prespecified systems, five supply 115 PCA sensitivity rows at dimensions 8—256;
the spectral-index vector has fewer than eight features (Figure 19c). In five splits,
standardization/PCA fit 339 training tiles; fixed C = 1 logistic regression fits 453 combined
training/validation representations and tests on 114 tiles. This differs from validation-selected
repeated classification and establishes no universal optimal dimension.

Label-purity thresholds 0.5/0.6/0.7/0.8 retain 511/398/293/204 tiles, with cropland
counts three/two/two/zero (Figure 19d). Each subset has a separate stratified 75/25 split (seed
123), train-fitted standardization and fixed C = 1; tests contain 128/100/74/51 tiles. Macro-
F1 averages observed truth/prediction labels: values of 1.0 condition on changing class

support, not perfect generalization or an independent label audit.
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Of 190 geometry pairs, including 19 added with SatCLIP, 37 touching suspect adapters
remain quarantined; Supplementary Figure S6 shows the other 153 pairs among 18 systems,
with CKA and neighbour overlap in separate triangles; Figure 17 gives the global counterpart.
GSE-TESSERA has linear CKA 0.9273 but 10-nearest-neighbour Jaccard 0.2363; similarity
does not establish task causality. The two geometry summaries describe different aspects of
these feature spaces: centred linear similarity of the feature matrices and overlap of local
cosine neighbourhoods. Their disagreement is retained rather than compressed into a single
quality score. Neither summary measures downstream accuracy or transfer to another region.

The retained Wuhan diagnostics characterize local readout and split sensitivity under
their historical extraction contracts. They do not provide independent-label validation, cross-
biome replication or a product lifecycle cost comparison. Their scope remains separate from

the controlled global evaluation in Sections 5.3-5.6.

6. Challenges and Outlooks

The controlled comparisons identify where pretrained representations add value beyond
strong observation-based and geographic controls. Positive CCI biomass and land-cover
contrasts coexist with losses for GEDI AGBD and several fraction targets. These patterns rule
out a single general-purpose ranking: the relevant unit of evidence is the input subgroup,
reference, geographic split and readout. The nonlinear TerraFM AGBD counterexample
further shows why a linear-probe failure should not be equated with an absence of predictive
information. Conversely, Galileo's LOCO CCI result demonstrates that higher embedding
accuracy can coincide with a negative delta when the baseline benefits more from the same
readout.

Figure 9b condenses these contrasts into a decision sequence. Across the 300 image-
encoder cells of Part I (spatial CV, linear readout, all training labels, 640 m), 176 intervals lay

wholly above the matched baseline, 70 included zero and 54 lay below it. Gains concentrated
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in land-cover classes (28 of 45 cells), class fractions (110 of 180) and CCI biomass (14 of 15),
whereas sparse GEDI AGBD gave losses in 14 of 15 cells and the coordinate-only SatCLIP
had wholly negative intervals against the strongest of all six baselines in 25 of 40 cohort—
target cells. Counts also varied with readout, label budget and geographic protocol: with
LightGBM, losses outnumbered gains (149 versus 52), and budgets of 16-256 labels gave
814 losses and 472 gains, whereas gains declined only from 185 under random CV to 161
under leave-one-continent-out CV. These summaries identify settings with more positive
contrasts in this design; they do not test the relative causal importance of readout, label
budget or geography. The 16-256-label tally pools five budgets and is not directly
comparable in size with a single all-label tally. These counts characterize the global design;

the historical Wuhan case does not independently validate them.

6.1 Information and support

A common grid does not equalize native footprints, output strides, pooling or
dimensions, as the ViT, SatMAE and Scale-MAE designs illustrate (Cong et al., 2022;
Dosovitskiy et al., 2021; Reed et al., 2023). Compression and reduced-model analyses add
further differences (Gomes et al., 2025; Hackel et al., 2026). Pooling may erase boundaries
and minority classes; dense readout may preserve them at greater cost. These mechanisms
remain unisolated here.

Dimension and interpretability analyses show how much of this budget is accessible.
Individual AlphaEarth dimensions relate to specific land-surface properties, and the full 64-
dimensional space reconstructs 12 of 26 environmental variables with R? above 0.90
(Rahman, 2026). Geographic implicit neural representations with 256512 ambient
dimensions have intrinsic dimensions of roughly 2—10 that change with pretraining resolution
and input modality (Rao, RuBwurm, et al., 2026), and concept decompositions are being used

to audit what location embeddings encode (Betti et al., 2026). For canopy biochemistry,
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retrieval accuracy saturated at 17-33 embedding channels or 5-14 principal components
(Alam & Milas, 2025), and spatial scale effects have been examined for embedding-based
wildfire-exposure prediction (Berg & Leyk, 2026). These analyses describe information
content; they do not show that a frozen linear readout can exploit it.

The global comparisons establish target- and readout-specific gains, not a common
advantage across encoders. Annual GEDI AGBD losses under native linear probing coexist
with the positive TerraFM LightGBM contrast. A linear-probe failure therefore does not
establish that a representation lacks predictive information. Differences between systems
remain differences between complete checkpoint and preprocessing contracts, rather than
isolated effects of architecture or pretraining. The location-encoder extension marks a further
boundary: SatCLIP exceeded raw coordinate features for most targets, but had wholly
negative intervals against the strongest of all six baselines in 18 of 20 annual spatial contrasts.
Its six wholly positive monthly-cohort intervals show task-specific utility of the learned
location prior; they do not make it a substitute for contemporaneous observations.

In Wuhan, paired GSE-raw differences were +0.0444 macro-F1 (95% interval
[—0.0092,0.0969]) and +0.0047 four-target mean Spearman ([—0.0016,0.0104]). Neither
was significant after multiplicity correction; this is not equivalence, and the classification
interval permits a relevant gain. Optical summaries may already expose much local map-label
signal; missing-data tolerance, invariance and geographic transfer require separate tests.

The paired footprint experiments hold locations and evaluation partitions fixed across
160—1,280 m supports. They change both image context and aggregated reference support, so
their curves do not isolate either mechanism. The Wuhan 500 m design is a separate local

setting and is not another level of this controlled global support analysis.
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6.2 Temporal context

Pretraining and inference inputs differ across temporal and multimodal designs (Astruc
et al., 2025; Dumeur et al., 2025; Jakubik et al., 2023; Maiias et al., 2021; Qin et al., 2025;
Szwarcman et al., 2026; Tseng et al., 2025; Wang et al., 2023; Wang, Xiong, et al., 2025).
Cross-modal objectives may suppress event-specific signals, and sequence-trained models
can change semantics under single-date queries. Additional information does not necessarily
improve representation efficiency.

Annual and monthly inputs use different retained populations and information budgets.
Their within-subgroup deltas therefore cannot identify a causal benefit of temporal context.
The twelve within-month composites characterize one year; cross-year and event transfer
remain untested. The 2020 canopy-height reference is a lagged, model-derived target for
2021 imagery.

Application studies outside this benchmark point in the same direction. In Alpine tree-
species mapping, the embedding advantage required a nonlinear classifier: a linear classifier
on the embeddings underperformed a neural network on conventional composites, and
transfer across years reduced weighted F1 by 9% for TESSERA and 14% for AlphaEarth
(Ball et al., 2026). For burned-area mapping, neither embedding matched a pre- and post-fire
Sentinel-2 spectral baseline (mean F1 0.860 for TESSERA with a support vector machine
versus 0.895), and both declined when features came from the year after the fire (Silva &
Gongalves, 2026). Proxy features distilled from Sentinel-1/2 can retain part of the cross-year
advantage when an embedding year is unavailable (Jing et al., 2026). Event timing, not the
existence of an annual layer, determines whether an embedding can replace a dated
observation.

Forecasting makes temporal requirements explicit in ocean prediction (Zheng et al.,

2020), satellite assimilation (X. Xu et al., 2025) and radar nowcasting (Ravuri et al., 2021), as
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well as Pangu-Weather (K. Bi et al., 2023), GraphCast (Lam et al., 2023), GenCast (Price et
al., 2025) and Aurora (Bodnar et al., 2025). Their time-dependent inputs and forecast
horizons define a different problem from decoding a static embedding.

EarthPT predicts future reflectance and vegetation indices (Smith et al., 2023), while
COSMO aligns meteorological imagery and language (Kim & Park, 2026). These examples
require temporal or semantic tests that are absent from our benchmark. They identify future
evaluation needs, not capabilities established by annual feature fields.

Following the physical-process perspectives of Reichstein et al. (2019) and Irrgang et al.
(2021), extending reusable features to prediction of evolving systems requires out-of-period
validation, calibrated uncertainty and relevant physical constraints. The present experiments

remain limited to the recorded surface targets and local spatial diagnostics.

6.3 Labels and independence

RemoteCLIP uses image—text contrast, while SatMAE and ScaleMAE employ masked
reconstruction in the evaluated RGB families (Cong et al., 2022; Liu et al., 2024; Reed et al.,
2023). Grouping shared benchmark observations prevents those observations from crossing
evaluation folds, but does not establish absence from checkpoint pretraining. Missing training
coordinates and dates leave indirect model-target dependence unresolved. The released
checkpoint and input identities support traceability without certifying pretraining
independence.

WorldCover, Esri and ETH canopy height use Sentinel-2 information; ETH and CCI
also draw on GEDI-related sources (Esri, 2022; Lang et al., 2023; Santoro & Cartus, 2024;
Zanaga et al., 2022). ETH is a model-derived 2020 canopy-height reference with land-cover-
related missingness. GEDI AGBD is itself model-derived and sparsely sampled. Its retained
observations do not form a complete areal inventory of each 640 m square. Differences

between CCI and GEDI performance can reflect support, sampling and reference construction;
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this benchmark does not identify their separate causal contributions. JRC 2021 seasonality
describes temporal water persistence, rather than spatial water fraction.

Product agreement selects a different population and does not independently validate the
labels. The paired WorldCover—Esri comparisons and agreement-conditioned target quantify
reference dependence while retaining each target’s actual coverage. Historical Wuhan purity
filtering likewise changes class support: its dominant-class-fraction threshold reduced 511
tiles to 204 and removed cropland at 0.8. Neither procedure establishes field accuracy.

Label construction constrains application studies in the same way. Displaced survey
coordinates required a probabilistic label loss for wealth prediction (Pettersson & Daoud,
2026); correcting field-plot locations with a canopy-height model reduced geolocation bias in
biomass mapping (Sohrabi, 2026); and peatland embeddings reproduced in situ water-table
observations but not expert-generated synthetic labels (Koch et al., 2026). Independent field

or survey labels, recorded at the support of the embedding, remain the decisive control.

6.4 Geographic transfer

Adjacent Wuhan tiles share conditions, so random splits estimate local interpolation.
The row-block control strengthens within-window validation but retains only three classes
after excluding cropland absent from training; high scores cannot establish cross-climate/
biome robustness.

Dependence-aware holdouts test prediction away from calibration observations (Roberts
et al., 2017); biomass results can collapse beyond spatial dependence ranges (Ploton et al.,
2020). Transfer differs from population map accuracy: neither random nor blocked validation
of convenience samples guarantees design-unbiased map accuracy, which requires
probability sampling and design-based inference (Wadoux et al., 2021). Our tests address

transfer within declared distances and frames.
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Benchmarks and application studies report the same transfer gap. MMEarth-Bench finds
that multimodal pretraining improves robustness with limited labels while geographic
generalization remains poor (Gordon et al., 2026); PANGAEA notes that most earlier
benchmarks are geographically concentrated in North America and Europe (Marsocci et al.,
2026); a five-continent crop-type study examines whether models pretrained in data-rich
regions transfer to data-scarce ones (Chang et al., 2025); and CNN classification accuracy
declines with geographic distance (Fei et al., 2021). An agricultural benchmark of
AlphaEarth reported performance comparable to local models but limited transferability (Ma
et al., 2026), and stratified selection of scarce labels improved cross-region generalization
over random sampling (Jungbluth et al., 2026). Geographic holdouts and the regions
represented in pretraining therefore belong in every comparative claim, consistent with the
argument that satellite data require their own machine-learning practice (Rolf et al., 2024).

The 90% monthly input threshold admitted a larger and compositionally different cohort
than the nested 95% sensitivity. Rare classes, target-specific missingness and non-area-
proportional sampling limit extrapolation beyond the recorded cohorts. Source-group
separation prevents benchmark observations from crossing evaluation folds but does not
establish absence from checkpoint pretraining. Paired bootstrap intervals condition on fitted
readouts and retained reference values; they neither propagate all source-product uncertainty
nor provide familywise inference across systems and targets. These boundaries qualify the
generalization of the findings while preserving the measured gains and failures within each

controlled setting.

6.5 Deployment

Products offer queries; checkpoints offer local observation/temporal control, with
different storage, licensing and maintenance obligations (Brown et al., 2025; Fang et al., 2026;

Feng, Atzberger, et al., 2026; Gomes et al., 2025; Gorelick et al., 2017; Klemmer et al., 2026;
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Ye et al., 2026). Providers absorb some product computation and version risk; local users
bear extraction costs. Encoder updates can invalidate predictors without changing dimension.

Storage and transfer costs motivate compressed and queryable representations. Neural
embedding compression reported similar accuracy with 75-90% less data than compressing
raw imagery (Gomes & Brunschwiler, 2024); the ESD database distributes quantized 30 m
embeddings for 2000-2024 (Chen et al., 2026); an embedding-only uplink study evaluated
onboard retrieval with under 1 kB of telemetry per query on an edge-computing surrogate
(Sim, 2026); and approximate nearest-neighbour search trades accuracy against memory
through product quantization (Jégou et al., 2010). Operational adoption further depends on
application requirements and resource constraints that standard evaluation tasks rarely
capture (Butsko et al., 2025).

Figure 17 relates predictive gains to warm batch-one encoder latency and native float32
vector storage; the associated cost records also retain process-allocated peak VRAM in the
shared RTX 4090 environment. The within-subgroup Pareto fronts are descriptive point
estimates. Acquisition, payload loading and downstream fitting are outside the timing
boundary, and concurrent host activity was not isolated. These observations do not establish
end-to-end throughput or product—encoder lifecycle savings. Versioned preprocessing,
numeric encoding, checksums and update policies remain necessary for deployment
compatibility.

The completed global comparisons cover the admitted input subgroups and evaluation
settings. Independent-label validity, future-year transfer, independently labelled local
validation and lifecycle cost remain separate questions. The literature synthesis has additional
limits from capped retrieval and purposive selection. Mixed, negative and unavailable results

therefore remain part of the evidence used to interpret representation utility.
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6.6 Review limitations

The reference inventory accompanying this revision contains 400 unique records in the
Zotero AI/Embedding collection, with metadata frozen on 7 October 2026. It combines the
existing source library with a purposive supplement of 40 publications from Nature, Science
and their associated journals. DOI and normalized-title matching resolve duplicate records.
The inventory includes journal and conference articles, preprints, datasets and supporting
technical resources; it is broader than the claim-level bibliography and the screened evidence
described in the review protocol. Journal affiliation was used to broaden the application
context, not as a substitute for methodological appraisal.

Figures 3 and 5 provide complementary views of the literature: title-term frequencies,
release relationships and cumulative growth in a merged bibliographic corpus, and keyword
co-occurrence and co-authorship within the 400-record collection. The collection export
contains 400 titles, 399 dated records and 183 abstracts. Counts include preprints and
supporting resources; 2026 is partial through 7 October. Zotero record dates are not
necessarily first-release dates. Keyword matching uses abstracts only where they are
available, so keyword frequencies partly reflect metadata coverage, and inventory tags are not
treated as topical evidence. Source keys, term rules and plotting code make the descriptive
panels reproducible.

These purposive distributions do not estimate field-wide prevalence or study quality.
Selective citations and collection membership do not imply systematic inclusion or full-text

eligibility assessment.

7. Conclusion

Satellite embeddings are reusable geospatial representations whose meaning depends on

their observations, spatial and temporal support, output geometry and deployment contract. A
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release-based hierarchy distinguishes image encoders, location encoders and precomputed
embedding products; input, learning signal, temporal support, spatial support and geometry
describe their technical properties. Adaptation and access are recorded separately. The 20-
entry executable catalogue illustrates this framework without defining or statistically
representing the literature.

The original image-encoder benchmark provides 29,352 audited system cells across
4,409 single-acquisition and 3,014 monthly-composite locations; the separate location-
encoder extension adds 1,120 SatCLIP cells. Matched-input comparisons demonstrate
substantial land-cover and vegetation-reference gains for selected frozen representations, but
also identify negative and inconclusive contrasts, readout reversals and failures under
geographic transfer. Accordingly, embedding selection should be based on absolute accuracy
and the gain over the strongest relevant classical baseline at the intended support, label
budget and transfer regime. The archived predictions, confidence intervals and figures make
these distinctions reproducible, while unsupported same-input product and coarse-system
comparisons remain explicitly unavailable. The location encoder SatCLIP exceeded raw
coordinate features for most targets but had a wholly positive interval against the strongest of
all six baselines in 6 of 40 cohort—target spatial contrasts, so location encoders supply
regional context rather than current observations.

The complementary Wuhan case characterizes local readout and partition sensitivity
under its historical extraction conditions. Its paired controls establish neither equivalence nor
geographic generalization. A useful comparison must identify the target, input subgroup,
geographic population, support, readout and uncertainty. Independent environmental validity,
future-year transfer and lifecycle costs require evidence beyond prediction of reference

products.
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Supplementary material

The Supplementary Material provides the completed global protocol and its source-to-
result records, explicitly separated from earlier pilot and engineering diagnostics. Table S1
preserves the historical 19-system implementation inventory. Figures S1-S5 document earlier
review or diagnostic stages; Figure S6 shows local representation geometry, Figure S7 shows
fixed-test fraction-regression scatter plots, and Figures S8-S11 provide the local prediction
maps, recorded task scores and repeated-split diagnostics. Main Figures 12-17 report the
principal global analyses, and Figures 18 and 19 summarize the local spatial context and
paired controls. Additional readout, PCA, reference-target and input-quality results remain in

the versioned benchmark package.

CRediT authorship contribution statement

Longhao Wang: Conceptualization, Methodology, Software, Validation, Formal analysis,
Investigation, Data curation, Writing—original draft, Writing-review and editing,

Visualization.

Declaration of competing interest

The author declares that there are no known competing financial interests or personal

relationships that could have appeared to influence the work reported in this paper.

Funding

This research did not receive any specific grant from funding agencies in the public,

commercial, or not-for-profit sectors.

95



1797

1798

1799

1800

1801

1802

1803

1804

1805

1806

1807

1808

1809

1810

1811

1812

1813

1814

1815

1816

1817

1818

1819

1820

Data availability

The study uses publicly available Earth-observation products and model artifacts.
Source code is available at https://github.com/GISWLH/rs-embed. The original global
evaluation archive contains 29,352 system cells and 326,202,930 prediction records; the
location-encoder extension is recorded separately. The versioned archives retain cohort and
target manifests, prediction records, plotting scripts and verification receipts. Reconstruction
checks compared published scores with saved predictions and reference tables; they did not
independently recompute every bootstrap interval. The Supplementary Material identifies the
relevant archive paths and evidence records. The complete revision package is available from
the author for reproducibility review; a persistent public archive identifier has not been

assigned.
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  𝜏 > 0


   ℒ InfoNCE ( U , V ) = −  1  N   ∑  i = 1  N log   exp (   u  i ⊤   v  i / 𝜏 )    ∑  j = 1  N  exp (   u  i ⊤   v  j / 𝜏 ) .


   ℒ CLIP =  1 2  [  ℒ InfoNCE ( U , V ) +  ℒ InfoNCE ( V , U ) ] .


    q  i  a =   p  𝜓 (   f  𝜃 (   x  i  a ) )


    q  i  b =   p  𝜓 (   f  𝜃 (   x  i  b ) )


    q  i  b =   p  𝜓 (   f  𝜃 (   x  i  b ) )


    q ¯


    C  k l =     ∑  i = 1  N      q ¯  i k  a     q ¯  i l  b     ∑  i (     q ¯  i k  a  ) 2    ∑  i (     q ¯  i l  b  ) 2 .


   ℒ BT =   ∑  k  ( 1 −   C  k k  ) 2 +   𝜆 BT   ∑  k    ∑  l ≠ k    C  k l 2 .


  𝜆


  𝜑


  s ( 𝜆 , 𝜑 ) = ( cos 𝜑 cos 𝜆 , cos 𝜑 sin 𝜆 , sin 𝜑 ) ∈   𝕊 2 .


    g  𝜙 ( s ) =   S I R E N  𝜙  (   S H  L ( s ) ) ,


    S H  L


    x  i


    s  i


   ℒ coord SatCLIP =  ℒ CLIP  ( { n o r m (   f  𝜃 (   x  i ) )  }  i = 1  N , { n o r m (   g  𝜙 (   s  i ) )  }  i = 1  N ) .


  a


    𝛾    B  k ( a ) = [    cos ( 2 𝜋   B  k a )   sin ( 2 𝜋   B  k a ) ] ,   g  𝜙 ( a ) =   ∑  k = 1  K    M L P    𝜙  k (   𝛾    B  k ( a ) ) ,


    B  k


  d


    𝕊  d − 1


    𝕊 2


  q ( z ∣ x ) =   C  d ( 𝜅 ) exp ( 𝜅     𝜇  𝜃 ( x ) ⊤ z ) , z ,   𝜇  𝜃 ( x ) ∈   𝕊  d − 1 ,


    C  d ( 𝜅 )


  𝜅


  z ∈  ℝ  d


  Z ∈  ℝ    H ′ ×   W ′ × d


  z =   g  𝜙 ( s )


  (   W ∗ ,   b ∗ ) =   a r g m i n  W , b  [  1    n tr   ∑  i ∈   𝒟 tr ℓ ( W   z  i + b ,   y  i ) +   𝜆 probe ‖ W  ‖  F 2 ] .


  ℓ


    R 2


  ±


  0 . 7785 ± 0 . 1124


  0 . 7341 ± 0 . 0775


  0 . 7315 ± 0 . 1169


  0 . 7159 ± 0 . 0845


  + 0 . 0444


  [ − 0 . 0092 , 0 . 0969 ]


  p = 0 . 1482


  q = 0 . 1743


  0 . 8803 ± 0 . 0103


  0 . 8756 ± 0 . 0120


  0 . 8628 ± 0 . 0143


  0 . 8448 ± 0 . 0145


  + 0 . 0047


  [ − 0 . 0016 , 0 . 0104 ]


  p = q = 0 . 1559


  − 0 . 0128


  q = 0 . 0027


  q = 0 . 1778 / 0 . 1559


  C = 1


  C = 1


  + 0 . 0444


  [ − 0 . 0092 , 0 . 0969 ]


  + 0 . 0047


  [ − 0 . 0016 , 0 . 0104 ]

