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ABSTRACT

Foundation models (FMs) and their task-specific variants are in-

creasingly forming large and heterogeneous collections that resem-

ble model lakes. Managing such lakes requires more than hosting

models: users must be able to discover relevant models, compare

them using reproducible evidence, and operationalize selected mod-

els for downstream use. We present EarthLake, a model lake

system for Earth Observation (EO) FMs. The system integrates a

schema-guided model registry, task-driven model discovery, and an

experiment management framework for benchmarking and com-

paring candidate FMs. In the demo, participants explore the model

registry, discover FMs using natural language task descriptions,

benchmark selected FMs on EO datasets, compare experiment re-

sults, and execute chosen FMs on new imagery. Our interactive

demonstration illustrates how EarthLake supports end-to-end

workflows for discovering, evaluating, and operating EO FMs.
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1 INTRODUCTION

When Model Repositories Become Model Lakes. Foundation

models (FMs) and their task-specific variants proliferate rapidly

across domains such as computer vision, natural language process-

ing, and Earth observation (EO), where diverse sensors, tasks, and
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operational constraints make systematic model management partic-

ularly important [6, 10, 13]. As EO organizations accumulate large

collections of heterogeneous FMs, these repositories increasingly re-

semble what recent data management research introduced asmodel
lakes [11]: systems that manage models with their metadata, bench-

marks, and related artifacts. However, current model repositories

mainly support storage and browsing [7], leaving end-to-end model

discovery, evaluation, and operation largely manual, which does not

scale as model collections grow [3]. Given an EO task (e.g., flood

mapping) and operational constraints, e.g., input data modality,

available hardware, users must identify feasible models, evaluate

them under consistent settings, and operationalize them. At model

lake scale, this becomes a data management problem; prior work on

model-zoo search shows that manual browsing does not scale [9].

From Task to Operational Model. Consider an EO analyst who

must generate flood extent maps shortly after a storm using lim-

ited computational resources, e.g., a server with a single GPU.

The analyst must navigate a search space of hundreds of EO FMs

and variants to identify those compatible with the available data

modality, often synthetic aperture radar (SAR) imagery under cloud

cover [13]. Candidate models must be filtered by hardware con-

straints, adapted using limited labeled data, and evaluated under

consistent preprocessing and tiling configurations for meaningful

comparison. Finally, the selected model must be deployed so ana-

lysts can upload new scenes and generate flood maps. In practice,

these steps are often manual using a combination of model hubs,

scripts, and experimentation frameworks, making the workflow

repetitive, difficult to reproduce, and hard to operationalize [1, 14].

A Model Lake Management System. To address the challenge,

we introduce EarthLake, a model lake system for EO FMs. Earth-

Lake manages models, metadata, experiments, and evaluation re-

sults in a unified framework. Its core is a schema-guided model
registry that represents EO FMs as structured records with their

capabilities, input requirements, and operational constraints. This

schema enables systematic querying and comparing of heteroge-

neous models in the lake, making these properties searchable rather

than implicit in scripts or documentation [8]. Using this registry,

REMSA [2], our recent work on task-driven model selection, inter-

actively maps natural language task descriptions and constraints
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to candidate models in the lake. EarthLake then enables users to

evaluate shortlisted models via reproducible benchmarking work-

flows and operationalize the selected model for downstream use.

Together, these capabilities turn the model lake into a unified sys-

tem for discover-evaluate-operate workflows over EO FMs.

Demonstration Overview. The demonstration mirrors the work-

flow of an EO data analyst who needs to identify and deploy models

for tasks such as flood mapping. Starting from a task description,

users explore candidate models in the model lake conversationally,

obtain task-driven recommendations, and interactively evaluate

shortlisted models. Users can observe model performance, then

deploy and interact with the model on new imagery. The demon-

stration shows how EarthLake integrates FM discovery, bench-

marking, and operationalization in a single model lake system.

2 BACKGROUND AND MOTIVATION

Running Example: Flood Mapping. We use flood mapping to

illustrate the model selection challenges in an EO model lake. After

a major storm, analysts must rapidly generate flood maps from

satellite imagery. Multiple FMs may support this task, but their

assumptions and operational requirements vary. Some models sup-

port optical imagery [10], while others support cloud-penetrating

SAR data [6]. Models also differ in input resolution, preprocessing

pipelines, runtime environments, and hardware requirements. To

update or deploy a flood-mapping pipeline, analysts must identify

feasible models, adapt them to local datasets with limited labeled

samples, and compare performance under consistent configurations.

They must consider operational constraints such as GPU memory,

inference latency, and throughput. With many FMs in a repository,

performing this process manually becomes increasingly difficult.

Managing Models Beyond Weights. At model lake scale, manag-

ing models becomes a data management problem. The objects that

must be managed include not only model weights, but also model

metadata, input assumptions, preprocessing pipelines, runtime en-

vironments, benchmarking configurations, and evaluation results.

Managing all this information is essential for reproducibility and

reuse. Previous work in model management and experiment track-

ing emphasizes the importance of recording datasets, configura-

tions, metrics, and artifacts generated during experimentation [12].

Similarly, model repositories and registries organize models and

their metadata to support discovery and operational deployment [7].

However, these systems typically focus on storing models or track-

ing experiments, rather than enabling repository-scale comparison

and selection across heterogeneous models.

Toward End-to-End Model Lake Workflows. Despite these ad-

vances, model selection and validation remain fragmented. Model

metadata is often scattered among papers, model cards, and code

repositories, making it difficult to identify feasible models for a

task [11]. Operational constraints such as supported modalities,

memory requirements, or runtime dependencies are rarely struc-

tured and queryable. Thus, analysts repeatedly reconstruct feasibil-

ity checks and benchmarking pipelines during evaluation. Bench-

mark results are also difficult to reuse because they lack the config-

uration and hardware context for meaningful comparisons. These

challenges motivate model lake systems supporting end-to-end
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Figure 1: EarthLake Architecture.

workflows that connect model discovery, benchmarking, and opera-
tional model use. To address this, EarthLake integrates schema-

guided model management, task-driven model selection, and exper-

iment management in a unified EO model lake, enabling interactive

model discovery, evaluation, and deployment in a single workflow.

3 EARTHLAKE SYSTEM ARCHITECTURE

In this section, we present EarthLake’s architecture for managing

EO FMs and related artifacts in a unified model lake.

3.1 A Model Lake for EO FMs

EarthLakemanages EO FMs in amodel lake, building on the recent
model lake vision [11]. It treats models and associated artifacts as

first-class managed assets in a unified repository. The lake stores

heterogeneous artifacts: model weights, metadata, benchmarking

configurations, and experimental results. Models and associated

information are organized through system components supporting

discovery, evaluation, and operational use. Concretely, the model

lake contains four asset classes: (i)model artifacts, includingweights,
code, and runtime dependencies, (ii) model metadata, stored in our

structured registry, (iii) experiment database, capturing benchmark-

ing configurations and results, and (iv) datasets and evaluation out-
puts. These artifacts together form a persistent repository enabling

systematic model discovery, comparison, and reuse.

3.2 Architecture & End-to-End Workflow

Figure 1 illustrates EarthLake’s four-stage end-to-end workflow:

1 Model Registration.Models enter the lake through registration

by model developers or administrators. Developers upload model

artifacts and documentation, e.g., research papers or model cards.

EarthLake automatically extracts metadata from these hetero-

geneous sources and maps them to the registry schema, creating

structured records that describe model capabilities, input data re-

quirements, and operational constraints
1
. These records populate

the Model Registry and become searchable assets in the model lake.

2 Model Discovery. EO analysts can search the model lake using

either natural language or SQL queries. They specify a task descrip-

tion and optional constraints, such as input modality or hardware

limits. REMSA, our discovery module, retrieves candidates from the

registry and returns ranked top-𝑘 models with relevant metadata

and rationale for their task compatibility and capabilities.

1
The complete JSON schema is available in the fm.schema.json file in our repository.
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3 Model Evaluation. From the recommended shortlist, analysts

can select models to evaluate on their datasets. The Experiment
Manager orchestrates benchmarking via the Unified Model Run-
time, which runs heterogeneous models under consistent configu-

rations. Evaluation metrics and execution context are recorded in

the Experiment Database. EarthLake compares the performance

of candidates on user tasks.

4 Model Deployment. After selecting a model based on recom-

mendations and evaluation results, analysts can deploy the val-

idated configuration for operational use. Via the Unified Model
Runtime, the selected model can run on new data, producing task

inference results.

3.3 Core System Components

Model Registry and Embedding Index. The Model Registry
serves as the metadata backbone of the model lake. It stores struc-

tured information of each model, including supported tasks, data

modalities, input requirements, architecture, and operational con-

straints, providing a unified basis formodel discovery overmetadata

otherwise spread across repositories, model cards, and documen-

tation. For semantic task-driven search, EarthLake maintains an

embedding index over textual metadata such as model descriptions

and documentation with the relational registry. These structures

together provide repository-scale model catalog access, enabling

models to be retrieved efficiently based on semantic similarity to a

task description and then filtered and ranked by structured meta-

data stored in the registry. Because model metadata is in a relational

schema, users can explore and select models through SQL queries.

Currently, EarthLake hosts over 160 EO FMs and their variants.

REMSA: Task-Driven Model Discovery. The REMSA module

supports task-driven discovery over the Model registry. While the

registry exposes directly queryable structured metadata, users often

express needs as high-level task descriptions and operational con-

straints rather than schema fields. REMSA acts as a conversational

semantic interface over the registry, combining semantic retrieval

with structured metadata filtering. This enables users to identify fea-

sible models without manually exploring large repositories. Given a

natural language task description and optional constraints, REMSA

connects user intent with semantic model similarity and explicit ca-

pabilities and constraints in the registry. It interprets task, retrieves

candidates via the embedding index, and ranks them by seman-

tic relevance and feasibility. Our evaluation shows that REMSA

effectively discovers relevant models for diverse EO tasks [2].

Experiment Manager and Unified Runtime. The Experiment
Manager and Unified Runtime support benchmarking and opera-

tionalizing selected models, extending our previous work [4, 5].

Since shortlisted models may use different frameworks and be ex-

posed through different execution interfaces, EarthLake provides

a model runtime that unifies execution behind a common interface

and also serves as the basis for deploying selected models to end

users. Each model registers a runtime plug-in that encapsulates

model-specific preprocessing and data alignment logic for different

input modalities, allowing transparent execution of heterogeneous

pipelines via the unified interface. The ExperimentManager records

metrics, configurations, and execution context in the Experiment

Database. These experiment records become persistent model lake

Figure 2: UI for Conversational Model Discovery (REMSA).

assets, enabling reproducible comparisons and allowing previous

benchmark results to be reused for future tasks.

Together, these components enable an end-to-endworkflow from

model discovery to evaluation and operation. By managing models,

metadata, and experiment results in a unified system, EarthLake

makes the discover-evaluate-operate process repeatable across large
EO FM collections.

4 DEMONSTRATION OVERVIEW

The demonstration presents an interactive workflow for manag-

ing EO FMs in EarthLake. We illustrate the discover-evaluate-
operationalize workflow using an EO analyst scenario updating

a flood-mapping pipeline after a storm. Given new satellite im-

agery and operational constraints, e.g., task, sensor modality, and

available resources, the analyst must find suitable models, evaluate

them on labeled data, and select one for operational use. During

the demonstration, participants interact with EarthLake through

a set of operations showing how models are discovered, inspected,

evaluated, and used in practice.

Model Ingestion and Registry Population. The demonstration

begins by ingesting a new model into the model lake. A model

developer uploads model documentation such as a research pa-

per or model card. EarthLake automatically extracts metadata

fields including supported tasks, data modalities, architecture, and

training details for the model registry. Extracted values have confi-

dence scores visualized in the UI with color cues. Developers can

inspect the automatically generated metadata and correct fields

when needed. This interaction shows how the model lake evolves

as models are added and how heterogeneous documentation can

yield structured metadata.

Task-Driven Model Discovery. Participants explore the model

registry to understand the scale and heterogeneity of the model lake.

The registry interface presents over 160 EO FMs in a table showing

key attributes such as supported tasks, sensor modalities, architec-

tures, and operational constraints. Users can browse the catalog,

inspect individual model records, filter models by metadata, and

query the relational schema with SQL. While this interface enables
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Figure 3: UI for Model Benchmarking and Fine-tuning.

systematic model lake exploration, participants quickly observe

that manually identifying a suitable model becomes difficult as

the number of models grows and task requirements become more

specific. To address this challenge, users can interact with Earth-

Lake’s conversational model discovery interface. Users specify a

task and optional operational constraints in natural language, e.g.,

requesting a model for flood detection with Sentinel-2 images under
limited GPU resources. EarthLake invokes REMSA to retrieve and

rank candidates from the registry using semantic similarity and fea-

sibility constraints. The interface presents a ranked model shortlist

with compatibility signals such as task match, modality support,

reported performance, and hardware feasibility (Figure 2). Users

can inspect model metadata and select models to evaluate.

Benchmarking and ComparingModels.After obtaining a candi-

date shortlist, users can evaluate them on their datasets to determine

which model performs best for their task. The Experiment Man-
ager benchmarks candidates on user-provided labeled EO datasets.

The benchmarking interface allows users to select models, upload

datasets, and configure evaluation settings. EarthLake supports

two evaluation modes. In linear probing, models are evaluated with-

out parameter updates, enabling quick pretrained representations

comparison. In fine-tuning, models are adapted with a small labeled

dataset to assess task-specific performance. EarthLake executes

all benchmarks via the unified model runtime, ensuring consis-

tent execution across heterogeneous model implementations. Af-

terward, EarthLake presents results in an interactive comparison

view summarizing performance metrics across candidates. Metrics

such as task accuracy, segmentation accuracy (Mean Intersection

over Union – mIoU), and inference latency are displayed side-by-

side (Figure 3). This interface allows users to explore trade-offs

between model performance and operational cost when selecting

a model for deployment. Experiment configurations, datasets, and

hardware contexts are stored in the experiment database, enabling

result revisiting and comparing across runs. This demonstrates how

experiment records become reusable evidence in the model lake.

Running Inference on New Imagery. Finally, users select and

deploy the best-performing model. EarthLake loads the validated

model and performs inference via the unified runtime interface.

Users can upload satellite imagery and execute the target task (e.g.,

Figure 4: UI for Model Inference on EO tasks.

segmentation/classification) with the selected model, with predic-

tions shown in the interface (Figure 4). This shows how a selected

model moves from evaluation to operational in the same system.

Demonstration Summary. The demonstration highlights three

key capabilities of EarthLake: (i) schema-guided model registry

for structured exploration and querying of large model collections,

(ii) integrated experiment management for reproducible bench-

marking and candidate models comparison, and (iii) end-to-end

workflow connecting model discovery, evaluation, and operation.
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