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Can we build Al 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 Al






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



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

B - D AUCqoc
iNaturalist observations Remote sensing imagery Cropped image examples sk wok NS, wan wak
> N

S

0.25
0.00 19594 .93 94 .88 E
Calibrated AUC,,

FRE KA KRR KAH Ak

o'ys]!’??j

num. species
log (178)

log (13)

0.50
0.25

.95 .93.93 0.5.87.88
153 families 0.00 =2 -
878 genera . efi P
2,221 species ; 2 B - 1.00 _ NS. » wxr 2w
652,027 total observations g . RGB + infrared
. 256 x 256m image ; 0.75
C i £ 1 pixel = 1 meter ’
input: RGB+IR 0.50
(256X 256 Xt Bioclim MLP head Ensembling 0.25 {
r
Climate Input  Upsampling (4096) (2048) 0.00 |.96.96 .900.0.14 .37 900.0.14 37
(19) (1000) - (2000) Families Top 100
‘ (153) a3+ NS ot e
I 1.00
]
¢ Dropout g*;';?’a 07s| §
25%
{29%) i 0.50
Species .25
i : Depth S e 0 OO
pace to Depth Stem : 4
(64 x 64 x 64) .67 0.50.5.63.04.29
\ ) eepblusphere
Basic Blocks Bioclim MLP
Bottleneck Blocks
64 X 64 X 64 —
X o) (1024x 16X 16)  Global Pooling ke
(128 x 32 x 32) 2048 X 8 X 8 Inception V3
( x8x8) (2048) - (2048) | Plant presence Maxent
TResNet remote sensing head prediction @ Random Forest

Deep learning models map rapid plant species changes from citizen
science and remote sensing data, Gillespie et al,, PNAS 2024
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Option 2: Use agreement across modalities

E.g. increase confidence in a prediction when modalities agree
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City: Los Anéeles, Genus: Washingtonia

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



Option 2: Use agreement across modalities

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

City: Seattle, Genus: Malus City: Pittsburgh, Genus: Platanus

Regions
West

Central
East

City: Denver, Genus: Quercus

City: Los An,;geles, Genus: Washingtonia

The Auto Arborist Dataset: A Large-Scale Benchmark for Multimodal Exploring Fine-Grained Audiovisual Categorization with the SSW60
Urban Forest Monitoring Under Domain Shift, Beery et al., CVPR 2022 Dataset, Van Horn et al,, ECCV 2022



Option 3: Train representations across modalities

E.g. learn to capture information across modalities directly within your Al model
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E.g. learn to capture information across modalities directly within your Al model
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Taxonomic Hierarchy (Text) Audio Global Environmental Features

“Plantae
Magnoliophyta
Magnoliopsida

Fagales

Fagaceae

Quercus alba”

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






Large Language Models
and Generative Al

Large Language Models (LLMs) are Al
algorithms trained on extensive text
data to comprehend and generate

human-Llike language.

e ChatGPT - OpenAl
e Gemini - Google

e Copilot - Microsoft
e Mistral - MistralAl
e Claude - Anthropic

o DeepSeek - High-Flyer



What do LLMs know about ecology?

Ecology Prompt

"For species X

predict Y..."

LLM

‘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 maRring.”

Species Presence Range Maps

|Eove

k72

Threat Assessment Trait Identification

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

List Threatened
Species in Region



What do LLMs know about ecology?
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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?)

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

tennis balls. Each can has 3 tennis balls. How many

of

_J

l A: The answer is 27. x

)

Chain of Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

— _/
A \
\answer is9. o e )

https://arxiv.org/abs/2201.11903



Generative vision-language models

e T[ext-conditionalimage/video

generation
o Stable diffusion, DALL-E, Sora CLIP objective img
e ' H . -~ encoder
e Image-conditioning in -
generative language models playing a
u . . flame [MEHENM § _ | T
o le "Does this image contain an :
i o throwing o L,
Ame.ncan Robin? trumpet” 143866
o Useimage encoders that are ) —
accessible/interpretable tothe e ’ - 8»@» —
language models, but more =
prior decoder

tokens per image than CLIP (ie 170
tokens for an image in GPT-40)



Joint embeddings

CLIP - contrastive
iImage/language training
SigLIP introduces
sigmoid loss to handle
normalization issues with
softmax

Pepper the
aussie pup

- Text

Encoder

e

Image

\ 4

Y

Encoder
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https./arxiv.org/pdf/2103.00020.pdf




Joint embeddings with language

( Q “A California condor tagged with a green 26”]




Joint embeddings with language

( Q “A California condor tagged with a green 26”]

Multimodal Al model

(e.g. CLIP)



Joint embeddings with language

( q “A California condor tagged with a green 26"J

Multimodal Al model
(e.g. CLIP)




Joint embeddings with language

Most Similar

( q “A California condor tagged with a green 26"J

Least Similar =



Language *+ X embeddings enable open-ended interactive search

A tamandua pup being A hermit crab using plastic Kahili ginger plant with open
(Q carried on its mother’s back Q Everted osmeterium waste as its shell fruit capsule showing seeds

A humpback whale fluke with)

NQUIRE

q A satin bowerbird’s q A reef with manmade Strawberry poison-dart frog California condor tagged with
ornamented nest structures and debris with the “la gruta” morph a green “26”

INQUIRE: A Natural World Text-to-Image Retrieval Benchmark, Vendrow®, Pentazis,” et al., NeurlPS 2024
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Code assistants Y
@ «

Can make Al more
accessible

Docsnt require GitHub Copilot:
owlodge Al that builds with you

What are the pros
and cons?

& GitHub Copilot

Ask a question or type /' for topics




| » Land & BEZOS WORLD
E Carbon ;EggECT l. EARTH @ RESOURCES
Lab * FUND INSTITUTE

interested.
£ Layers A
can you provide imagery for the first 2 weeks of august Location Layer @
Disturbances o
E I'll retrieve the satellite imagery for Odemira for the first

two weeks of August 2023. y Sentinel-2 =

Spotify Added Recent Imagery to Data Pane

= I've retrieved satellite imagery for Odemira from the first
two weeks of August 2023. The results show six satellite
images from two different Sentinel-2 satellite tiles
(29SNB and 29SNC) on the following dates:

e August 2,2023 5= z ‘
* August 7,2023 grour OpenStreetMap contributors

e August 12, 2023
: Data Visualization Recent Imagery Export data

These images cover the area of Odemira during the
specified time period. The images are from the Sentinel-
2 mission, which provides high-resolution optical
imagery useful for monitoring land use, vegetation, and S2A_29SNB_20230812_0_| S2A_29SNC_20230812_0_| S2B_29SNB_20230807_0_ S2B_29SNC_20230807_0_
potential disturbances.

Would you like me to help you interpret these images or
provide more context about the disturbance alerts we
found earlier?

Recent Imagery

2A 2A 2A 2A

Ask a question

'slide from Craig Mills, Land and Carbon Lab



Agentic Al systems

Query: How many muffins can each kid have forittobe fair> ~ Execution | jud pscches.

. | L4
Execution kid_patches =

image _patch.fi "kid")
Generated Code muffin_patches = '
1mage patch find("muffin”)

def execute_command(image):
image_patch = ImagePatch(image)
muffin_patches = image_patch.find("muffin")
kid_patches = image_patch.find("kid")
return str(len(muffin_patches) // len(kid_patches))

» len(muffin_patches)=8
» len(kid_patches)=2

»8//2 = 4

Al that writes and executes code (ie Viper GPT, many more)
e 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 Al

Scientist inputs

Research goal

Scientist describes a
research goal along with

Scientist
preferences, experiment
constraints, and other
The scientist interacts attributes.
with the system by

specifying a research Add idea
goal in natural language. U

They can also suggest Review idea

Discuss research

their own ideas and
proposals, provide
feedback and reviews,
and interact via a chat
interface to guide the
co-scientist system.

\

Discuss via
chat interface

Research proposals and
overview

Top-ranked research

hypotheses and proposals

are summarized into a
research overview and

shared with the scientist.

The Al co-scientist multi-

Research plan
configuration

Ranking Agent C

tournaments

Research hypotheses
comparison and ranking
with scientific debate in
tournaments. Limitations
and top win-loss patterns

are summarized and
provided as feedback to
other agents. This enables
iterative improvement in
quality of research
hypothesis generation
creating a

self-improving loop. C

Simulated scientific debate

agent system

Generation Agent —

Literature exploration

Reflection Agent
Full review with web search
Simulation review
Tournament review
Deep verification

Evolution Agent

Inspiration from other ideas
Simplification
Research extension

Proximity Check Agent

Meta-review Agent

——

e

Research overview formulation

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

AI

Al co-scientist

The Al co-scientist
continuously generates,
reviews, debates, and
improves research
hypotheses and
proposals toward the
research goal provided
by the scientist.

Tool Use
Search
Additional tools


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

Total Data Volume and Data Files Distributed by Year
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Evolution of data volume per hectare across platforms

Byte * (hectare * year)!
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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
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Spatial resolutions Las Vegas, Nevada, USA

i s e s i

A e 23 - 3 p ‘.'>.‘ : 3 3 - 3 3 o L Y 39 i y
GOES-18 at 2000m/px MODIS at 250m/px Landsat 9 at 30m/px  gentinel 2 at 10m/px NAIP at 0.6m/px

Time steps Las Vegas, Nevada, USA

Dec. 25, 1973 Dec. 3, 1982 Dec. 9, 1993

Modalities Eastern Himalayas

"

ALOS DEM MODIS day temp. 16 day NDVI (Nov.) 16 day NDVI (May)

SAR (Sentinel 1)

From Esther Rolf




Where does ground
level data add value?



Landsat 8 Surface Reflectance Normalized Difference Vegetation Index (NDVI)
Path 44 Row 33 - Acquired 7 Oct 2018 Landsat 8 Path 44 Row 33 - Acquired 7 Oct 2018
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Think about the relative tradeoffs for each modality

Satellite (optical, SAR, LIDAR)

UAV (RGB, thermal, LIDAR)

On-Animal Sensors
|

Seeing biodiversity: perspectives in machine learning for wildlife conservation, Tuia®, Kellenberger®, Beery”, Costelloe’, et al,, Nature Communications 2022




Multiview aerial and street level imagery for the same tree instance

City, Fraxinus (Ash) , Sioux City, Tilia

Buffalo, Cercis (Redbud)

- ‘\Zg ‘ .




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
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https://www.pnas.org/doi/epub/10.1073/pnas.2318296121
https://www.pnas.org/doi/epub/10.1073/pnas.2318296121
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Knowledge and structure

Gyrista Ochrophyta

Pseudofungi

Bigyra .

Plg}r/ysulcea s"bk'ngdom .

Miozoa Harosa K ,ngdom
Ciliophora -
Cercozoa Chr Omlsta
Retaria

Telonemia

— Alveidia Subkingdom

L—— Haptista Hacrobia

how organisms are — e S——

Stramenopiles

SAR Alveolata

Rhizaria

l.e. taxonomy:

Diaphoretickes

Hemimastigophora
5 Jakobea
r r ] d d Bikonta Discoba | .
namea an ;Se‘;f:i o Subkingdom
4 Discicrm: Euglenozoa Eozoa
categorized oo
Ancyromonadida -
Malawimonadea K’ngdom
CRuMs Mantamonadida
|_|:'_ Rigiiida Protozoa
iy Es Subkingdom
Fodidtd 2""0.9 bozod  garcomastigota

Amorphea
Obazoa

Apusomonadea

Holomycota Kingdom Fungi
Cristidiscoidea

Ichthyosporea

Pluriformea

Filasterea

Choanoflagellatea

Opisthokonta

Apoikozoa

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



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

Knowledge and structure

ARRANGEMENT
ON THE STEM

YENATION SHAPES ARRANGEMENT MARGINS

l.e. mor PholOgy % ‘ sk ”/’,' entire
TTTEE
| . W=
the size, shape, pinnate iohnts SR s
and structure of e
organisms ‘
parallel dentate

; g compound

reniform

y lobed %{* serrate
palmate @ . t

lanceolate sagittate bipinnately
compound lobed

palmately

S “/whorled
©1996 Encyclopaedia Britannica, Inc.

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

e i
AN o2 5\\*‘\0(\ \,‘s >
‘}3 2 o (6
%\\ 00\3 ‘)00* 1@

C is the outgroup
A and B are sister groups toAand B " .,, Q ﬂ < t . ,ﬁ “ *

:
Dinosaurs Squamates
Synapsids O ‘
= Archosaurs ’ OL;Bosaurs
common ancestor A -
of A and B O Diapsids
Amniotes
— etrapods

Root node;

COmmaon ancestor ,Vertebtates

Oof A, Band C

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




C Multimodal Benchmarks

Real-World Multimodal Datasets

Data is "l"\!j'l"
consistently .
available audio
£
—= e

Universal
representations

context

Data utility is

dependent

(Data availability is unevenl

=

Call to Action )

Develop novel methods to
meet domain challenges

Center context-aware
evaluation

Multimodal learning
requires domain-
specific guidance

Diversify multimodal
benchmarks




