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Can we build AI systems that share 
information across data modalities?



Topics today

● Options for combining information 
● Language as a “universal” modality
● Remote sensing as a “universal” modality
● Knowledge and structure as a modality
● Key differences in ecology from current multimodal AI



 

Options for how we can share information



E.g. identify species or crop types in aerial data using ground-level data for training

Option 1: Use one modality to train a model for another



E.g. identify species or crop types in aerial data using ground-level data for training

Deep learning models map rapid plant species changes from citizen 
science and remote sensing data, Gillespie et al., PNAS 2024

Option 1: Use one modality to train a model for another



E.g. identify species or crop types in aerial data using ground-level data for training

Deep learning models map rapid plant species changes from citizen 
science and remote sensing data, Gillespie et al., PNAS 2024

Option 1: Use one modality to train a model for another

Street2Sat: A Machine Learning Pipeline for Generating Ground-truth Geo-referenced 
Labeled Datasets from Street-Level Images, Paliyam et al., CCAI@ICML 2021



Option 2: Use agreement across modalities
E.g. increase confidence in a prediction when modalities agree



Option 2: Use agreement across modalities

The Auto Arborist Dataset:  A Large-Scale Benchmark for Multimodal 
Urban Forest Monitoring Under Domain Shift, Beery et al., CVPR 2022

E.g. increase confidence in a prediction when modalities agree



Option 2: Use agreement across modalities

The Auto Arborist Dataset:  A Large-Scale Benchmark for Multimodal 
Urban Forest Monitoring Under Domain Shift, Beery et al., CVPR 2022

E.g. increase confidence in a prediction when modalities agree

Exploring Fine-Grained Audiovisual Categorization with the SSW60 
Dataset, Van Horn et al., ECCV 2022



Option 3: Train representations across modalities
E.g. learn to capture information across modalities directly within your AI model



Option 3: Train representations across modalities

PRESTO: Lightweight, Pre-trained Transformers for Remote Sensing 
Timeseries, Tseng et al., CCAI@NeurIPS 2024

E.g. learn to capture information across modalities directly within your AI model



Option 3: Train representations across modalities

PRESTO: Lightweight, Pre-trained Transformers for Remote Sensing 
Timeseries, Tseng et al., CCAI@NeurIPS 2024

E.g. learn to capture information across modalities directly within your AI model

TaxaBind: A Unified Embedding Space for Ecological Applications, 
Sastry et al., WACV 2025



 

Language + X



Large Language Models 
and Generative AI
Large Language Models (LLMs) are AI 

algorithms trained on extensive text 

data to comprehend and generate 

human-like language.

● ChatGPT - OpenAI

● Gemini - Google

● Copilot - Microsoft

● Mistral - MistralAI

● Claude - Anthropic

● DeepSeek - High-Flyer



What do LLMs know about ecology?

Large language models possess some ecological knowledge, but how much?, Dorm et al., 2025

“While these models could assist in accelerating certain conservation-related 
tasks and already make ecological information more accessible, their 
limitations suggest that they are not yet ready for direct application in 
biodiversity decision making.”



What do LLMs know about ecology?

Large language models possess some ecological knowledge, but how much?, Dorm et al., 2025



Prompt engineering

● Prompts are brittle. “A photo 
of a dog” vs “A picture of a 
dog” will give very different 
results

● In-context or “chain of 
thought” prompting

● It can be hard to 
track/understand errors 
(reasoning is wrong, answer 
is right?)

https://arxiv.org/abs/2201.11903



Generative vision-language models

● Text-conditional image/video 
generation

○ Stable diffusion, DALL-E, Sora
● Image-conditioning in 

generative language models
○ Ie “Does this image contain an 

American Robin?”
○ Use image encoders that are 

accessible/interpretable to the 
language models, but more 
tokens per image than CLIP (ie 170 
tokens for an image in GPT-4O)



Joint embeddings

https://arxiv.org/pdf/2103.00020.pdf

● CLIP - contrastive 
image/language training

● SigLIP introduces 
sigmoid loss to handle 
normalization issues with 
softmax











INQUIRE: A Natural World Text-to-Image Retrieval Benchmark, Vendrow*, Pentazis,* et al., NeurIPS 2024

Language + X embeddings enable open-ended interactive search



Using interactive search to discover ecological trends

*work with 
Marta 

Jarzyna



Code assistants

● Can make AI more 
accessible

● Doesn’t require 
foundational 
knowledge

● What are the pros 
and cons?



The planet’s 
most powerful  
AI monitoring 
system.

*slide from Craig Mills, Land and Carbon Lab



Agentic AI systems 

● AI that writes and executes code (ie Viper GPT, many more)
● Enables more complex reasoning
● Provides structure to force reliance on real data and functions, 

can help reduce hallucinations

ViperGPT: Visual Inference via Python Execution for Reasoning, Suris et al., ICCV 2023



Agentic AI

https://research.google/blog/accelerating-scientific-breakthroughs-with-an-ai-co-scientist/ 

https://research.google/blog/accelerating-scientific-breakthroughs-with-an-ai-co-scientist/


 

Remote sensing + X



Remote 
sensing





Evolution of data volume per hectare across platforms

https://www.researchgate.net/publication/355427684_Economic_Comparison_of_Satellite_Plane_and_UAV-Acquired_NDVI_I
mages_for_Site-Specific_Nitrogen_Application_Observations_from_Italy 

https://www.researchgate.net/publication/355427684_Economic_Comparison_of_Satellite_Plane_and_UAV-Acquired_NDVI_Images_for_Site-Specific_Nitrogen_Application_Observations_from_Italy
https://www.researchgate.net/publication/355427684_Economic_Comparison_of_Satellite_Plane_and_UAV-Acquired_NDVI_Images_for_Site-Specific_Nitrogen_Application_Observations_from_Italy




From Esther Rolf



Where does ground 
level data add value?
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Seeing biodiversity: perspectives in machine learning for wildlife conservation, Tuia*, Kellenberger*, Beery*, Costelloe*, et al., Nature Communications 2022

Think about the relative tradeoffs for each modality



Multiview aerial and street level imagery for the same tree instance
Sioux City, Fraxinus (Ash) Sioux City, Tilia

Pittsburgh, Taxodium Buffalo, Cercis (Redbud)



Improved species 
distributions from 
RS+iNat

Show finer-scale species 
mapping for trees and 
understory plants, and show 
detection of change in plant 
communities

https://www.pnas.org/doi/epub/10.1073/
pnas.2318296121 

https://www.pnas.org/doi/epub/10.1073/pnas.2318296121
https://www.pnas.org/doi/epub/10.1073/pnas.2318296121


Lang et al., 2023

Global vs local



 

Knowledge/structure + X



Knowledge and structure

i.e. taxonomy:

how organisms are 
named and 
categorized

https://organismalbio.biosci.gatech.edu/biodiversity/phylogenetic-trees/ 
https://evolution.berkeley.edu/evolibrary/article/phylogenetics_02

https://organismalbio.biosci.gatech.edu/biodiversity/phylogenetic-trees/
https://evolution.berkeley.edu/evolibrary/article/phylogenetics_02


Knowledge and structure

i.e. morphology:

the size, shape, 
and structure of 
organisms

https://www.britannica.com/science/morphology-biology 

https://www.britannica.com/science/morphology-biology


Knowledge and structure

i.e phylogeny: the representation of evolutionary history and the 
relationships between groups of organisms

https://organismalbio.biosci.gatech.edu/biodiversity/phylogenetic-trees/ 
https://evolution.berkeley.edu/evolibrary/article/phylogenetics_02

https://organismalbio.biosci.gatech.edu/biodiversity/phylogenetic-trees/
https://evolution.berkeley.edu/evolibrary/article/phylogenetics_02


 

What is different from current multimodal AI?




