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2017+ Self-supervision at scale

Expert Systems

» Manually-crafted symbolic
representations and rules

* No use of data and brittle

Machine Learning

* Less brittle but labor intensive

» Demanding data prep and
feature engineering

Deep Learning

» Automatically learn if you have
enough labeled data

* Enterprise adoption limited by
availability of labeled data

Foundation Models

>

 Learn from lots of data without

requiring labels
* Quickly adopt to enterprise
tasks using limited labels

Slide source: Raghu Ganti/IBM Research
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What Are Foundation Models?

Foundation Models - Characteristics and Applications

e  Foundation models (FM) are Al models that are designed to
replace task-specific models and be applied to many Text to Image
different downstream applications. Image Classification
e FMare trained using self-supervised techniques and can be Image Completion HEE
built on any type of sequence data. Text Generation
o  Self supervised learning removes the existing t fddeptation Summarization
roadblock for developing a large annotated dataset Rewrite
for training. [ Foundation JH— — — EERT
e FMcan be applied to downstream tasks by using few shot Training Mo Adaptation Search
learning and fine tuning l e
Adaptation
Classification
e
Text to Code
Robotics
Generative Health
e  Some have to be trained at scales that limits the ability to a
handful organizations
Gartner

Image source: Gartner Report - Innovation Insight for Artificial Intelligence
Foundation Models, Published 27 Oct 2022
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Language Model for Earth Science

Train a new domain specific foundation model on Earth science literature that improves downstream tasks and

NASA RoBERTa model Standard English RoBERTa

enables information retrieval

- Models built using FM stack
- Standard RoBERTa base architecture (125M)

- 120k papers (after data preprocessing and
duplicate removals, reduced from 275k papers)

- 64 NVIDIA A100 GPUs
- 10 hrs of training
- 67k words/GPU/sec throughput

CAPE increase due to [anthropogenic
greenhouse warming).

The second most abundant element in
the atmosphere is [oxygen].

[Oxygen] atoms combine to form
dioxygen.

An igneous rock is a rock that
crystallizes from [magmal.

Anigneous rock is a rock that
crystallizes from [igneous melt].

CAPE increase due to [weather].

The second most abundant element in the
atmosphere is [water].

[The hydrogen] atoms combine to form
dioxygen.

Anigneous rock is a rock that crystallizes
from [ashes].

An igneous rock is a rock that crystallizes
from [the ground].

Slide source: Raghu Ganti/IBM Research



@ Using the Language Model for Question Answering

'b)\ PrimeQA

Question Answering

vvnat woula you liKe 10 Know ¢

Q. Isthere a dust index that can be used to detect airborne dust over china X Ask

Question

Is there a dust index that can be used to detect airborne dust over china

Found 15 answers matching your question.

Answer

A dust aerosol index (DAI) algorithm based on measurements in deep blue (412 nm), blue (440 nm), and shortwave IR (2130 nm)
wavelengths using Moderate Resolution Imaging Spectroradiometer (MODIS) observations has been developed

v Evidence

Confidence: 52%

Was this answer
useful?

Answer

dust aerosol index (DAI) algorithm based on measurements in deep blue (412 nm), blue (440 nm), and shortwave IR (2130 nm)
wavelengths using Moderate Resolution Imaging Spectroradiometer (MODIS) observations has been develope

v Evidence

Confidence: 31%

Was this answer
useful?

Answer
Infrared Difference Dust Index (IDDI).

v Evidence

Confidence: 39%

Was this answer
useful?

Answer

Daily aerosol optical thickness (AOT) at 0.55 pum over the desert regions is needed as a source of validation for numerical models such
as the United Kingdoms Numerical Weather Prediction Unified Model. We examined the relationship between monthly mean
ultraviolet (UV) absorbing aerosol index (AI) from the Ozone Monitoring Instrument (OMI) that is available on a daily basis with the
Multiangle Imaging Spectroradiometer (MISR) AOT that is available once every nine days over North Africa

Proof of concept demo (IBM Research collaboration)

Confidence: 43%

Was this answer
useful?

IMPACT

Retriever
ColBERTRetriever

Select a retriever

Retriever Settings

Checkpoint

Maximum number of retrieved documents

1 —_— 100

Corpus
nasa-corpus
Select a corpus
Reader
ExtractiveReader

Select a reader

Reader Settings
Model

PrimeQA/ng_tydi_sql-reader-xlmr_large-202211

Maximum number of answers

ak

Maximum answer length

2



Enhancing Scientific Efficiency through Al (FIRMS Q&A)

- M NLP-API-trend-analysis v¢
CO

File Edit View Insert Runtime Tools Help All changes saved

B comment

+ Code + Text

[139] answer, result = query('how many active fires were there in canada yesterday?"
[140] answer

© ‘fesult




Foundation Language Model for Science
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Current and Future
LLS Science Evaluation Framework

(Set of downstream appl?ca‘tions
with Training data and benchmarks)

ob:‘ec‘tive assessm

NASA Process Documentation

Extractive Question
Answering

° Text Classification

Literature Search (Prime Q&A)
Answering Trouble Tickets

Thematic Area Assignment (SNWG)
Keyword Classification

Acronym Disambiguation

Document Retrieval

Encoder
+ Autoregressive

Finding additional contextual
information

Application to Dataset Mapping

Unstructured data to structured (UND)
Control Vocabulary Generation

Keyword Extraction

Textual Entailment

Relation Extraction

TYPE OF MODEL

TASK CATEGORY ACTUAL USE CASES

Project Helpbots

Dataset Description from

Metadata generation from
Documents

Table to Text

Descriptive text generation
based on triggers

Description generation from

TYPE OF MODEL TASK CATEGORY ACTUAL USE CASES
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ML Model 1 Application 1

ML Mode! 2 Application 2 e Can we build foundation Al
models for domains or

representative types of data?
>m— AR S o  Optical remote sensing
data, SAR, climate

simulations

Application 1

e Canthese models capture
underlying physical processes?

Foundation

Model Application 2

Application 3




I i : IMPACT
@ Foundation Al Model for Optical Remote Sensing Data 3{

Harmonized Landsat Sentinel (HLS)

“‘Seamless” near-daily 30m surface reflectance
record including atmospheric corrections, spectral
and BRDF adjustments, regridding

Merges Sentinel-2 and Landsat data streams and
can provide 2-4 day global coverage

< /

M _ HLS Processing ¢ g

Y

Landsat-8 Processing

Landsat-8 OLI data

Data Inputs : Sentinel 2 MSI data

S
Atmospheric Correction and Cloud Masking

S

Geometric Resampling and Geographic Registration

Processing

Steps . . 9
BRDF Normalization

Band Pass Adjustment

$30 Product

0 i A
0 10 20 30 40 50 60

Potential Revisit using
different Virtual Constellations

S2A

L8

S2A+L8
S2A+S2B
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Annual mean revisit period (in days)




@’ HLS FM Training Pipeline %“@MPMT

DATALOADING TRAINING

For multiple GPUS

O\/
—P(\L}—b ( 3 MASKING
O Masked Inpainted

>

Mo image s
HLS2 DATA DATA ACCESS PREPROCESSING MASKING FOUNDATION MODEL LOSS
SOURCE *  Downloading * cloudy/cloud Considering: Considering: Considering:
e Streaming adjacent pixels e Random e ViT (vision s MAE,
* Sharding * Filter based on % «  Square transformer) e MSE
of NULL values *  Pixelated, etc * Spatio-temporal * etc
* Normalization transformer
PREPROCESSING MASKING
converts cloudy/cloud adjacent pixels to Removing portion of image which will be
null values inpainted by foundation model

Slide source: Raghu Ganti/IBM Research




HLS Model — Pretraining (Masked Modeling)

Masked | nput Reconstructed | nput

Slide source: Raghu Ganti/IBM Research
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HLS FM Downstream Adaptation

Tornado tracks, Given an image, find .
Burn scars, Flooding similar images Increasing
Task
Complexity

Adaptation

Harmonized Classification
Landsat HLS Land use, Land cover
Sentinel2 N Foundation M2
Surface reflectance - Model . Object Detection
data products Training Adaptation Irrigation, Dwellings,
Anomaly detection
Adaptation
Science Data Image to Image
Product Generation Translation
Harmonization with Optical to SAR (style
other optical sensors, transfer), Gap filling,

Super resolution Cloud removal



Inference by HLS GeoSpatial FM
Flood Mapping

Insights: Flood

impact

<< Inference>>

Hgact

(e.g., flood task) Qe

“Prompt”: Image(s) (spatial + temporal domains)

| IoU (water class)  F1 (water class) | IoU F1 score  Accuracy

Baseline [44] 24.21 - - - -

U-Net-based SOTA [45] 69.12 81.74 93.85 96.65 96.44
ViT-base [19] 66.52 79.89 90.92 94.97 94.97
Swin [46] 74.75 85.55 92.38 95.90 94.73
Prithvi (not pretrained) 79.23 88.41 94.52 97.09 97.07

Prithvi (pretrained) 80.10 88.95 94.78 97.23 97.23




Inference by HLS GeoSpatial FM
Fire Scar Mapping

Insights: Fire
impact

“Prompt”: Image(s) (spatial + temporal domains)

| IoU (fire scar class) F1 (fire scar class) | IoU F1 score Accuracy

U-Net (DeepLabV3) [48] 45.96 62.98 93.38 96.11 96.22
ViT-base [19] 51.87 68.31 94.01 96.56 96.56
Swin [46] 56.04 71.83 94.16 96.71 96.50
Prithvi (not pretrained) 59.31 74.46 94.62 97.0 96.80

Prithvi (pretrained) 61.55 76.20 95.04 97.25 97.10
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Building Blocks: Future State
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Foundation R
Data Models gener(a:g;
services
APIs
Libraries s g Research
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Access Data ' -

Metadata catalog
Image server
Data search client

Find Data

Data + Tools/Infrastructure + Al Foundational Models -> Accelerate Research and Applications
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What does the future look like?

Home Projects Examples

3 Landingtons

Pre-trained Examples

Detect Suits in Playing C:

Prevent missing cards by ensurin
card decks have 13 cards in each

Count Cell Colonies.

Spend more time studying cell g
tess time manually counting cell

Identify Cattle

Protect herds by spotting stray cows using
drone imagery

Yourfree trial endsin 25 days . @D Landing A1 (@)

O O i

Label Predict

Train

Upload

Track Pools from Satellite Images Detect Vehicles

‘Count the number of poots in your ares Detect cars and trucks from aerial imagery.

B the st e P27

<o )

Models —J

Models

Models X

Try this model

Examptes

B Landiostens

Ve | = s Groundtnatn [ Predicton

Confidonce Theshotd

PREDICT

Untitled model +

G Vowtesvistencainzsdmrs @ Landiog 1 @)~

Untitied modl Save

Confidence Threshold Untitled model In Progress

— 03] v -
24

o .

e Selectv &+ =
Results s
+ Correct Predictions. ~ L
s pans. o \

@ Froisoning GPU

@ Contiuring Your Model

© Tsiing & Leaming

see the line

““Sourc: https://landing.ai/

© Calcutaing Mode Performance

adily
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Future Plans and Attributions

HLS FM NASA MSFC/IMPACT
Early August Release Sujit Roy, Ankur Kumar, Chris Phillips, Iksha Gurung,
®  Hugging Face Kumar,
O  Pretrained HLS FM Rahul Ramachandran, Manil Maskey
O Fine Tuned Flooding, Burn Scar Models IBM Research
e Github Johannes Jakubik, Linsong Chu, Paolo Fraccaro,

Ranjini, Kamal Das, Daiki Kimura, Naomi Simumba,
Daniela Szwarcman, Michal Muszynski, Carlos
Late August Release Gomes, Kon?my\)(/eldemariam, Bianca Zadrozny,
o Github Raghu Ganti
Clark University
Hamed Alemohammad, Michael Cecil, Steve Li, Sam
Khallaghi, Denys Godwin, Maryam Ahmadi, Fatemeh

O Flooding, Burnscar code, data

O Pretraining source code
o Other Fine Tuning examples

Kordi
Science LLM - December Release (AGU) NASA HQ
Watch this space: Tsengdar Lee, Kevin Murphy
Earthdata | Earthdata (nasa.gov) NASA GSFC

IMPACT Unofficial — Medium Dan Duffy, Mike Little



https://www.earthdata.nasa.gov/
https://impactunofficial.medium.com/

Using the Language Model for Question Answering

Proof of concept demo

x4+
€ > Can

ecure | primega.nasa-impactnet/qa

Model Data

Christopher Phillips

a) PrimeQA

@  Question Answering

Q Find answers to question from retrieved evidence blocks Retriever
#  What would you like to know? ColBERTRetriever
l B Select a retriever
a | ‘
’ i Retriever Settings

Checkpoint

Try live version
ALl trained on NASA
T — ATBD and
dataset

description

Corpus

nasa-corpus

Select a corpus

Reader

ExtractiveReader

Select a reader

Reader Settings
Model

Maximum number of answers

1

Maximum answer length

2

\\| Minimum score threshold



http://agent.nasa-impact.net/
http://agent.nasa-impact.net/
http://agent.nasa-impact.net/
http://agent.nasa-impact.net/
http://agent.nasa-impact.net/

IMPACT
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Language Model for Earth Science: Q&A

Integrate trained model with IBM’s PrimeQA technology for natural language Q&A with provenance

61.32 61.12

Nextsteps Improve model by adding relevant data
60
50 e Validation of Q&A responses underway by NASA
= 40 e Open-source model with Q&A service
30
20 e Expand to SMD wide Language Model
10
0 NASA abstracts 122111
HF HF NASA  NASAV1 NASAV2 NASAV3L NASAV4 122111 Articles  Wed May 18 2022
RoBERTa BERTE
Base
Validation on SQ2 pruned benchmark (F1, EM scores) &

Question

How does CAPE act on severe thunderstorms?

how does cape act on severe thunderstorms

3 answers from articles

Answer
What is CAPE? CAPE or Convective Available Potential Energy is the amount of fuel s ; 80046
X . 5 z - may increase the likelihood of severe storms
available to a developing thunderstorm. More specifically, it describes the instabilily of the 1,000
atmosphere and provides an approximation of updraft strength within a thunderstorm. A Show answer In/context
https://www.weather.gov eretopics-CAPE Increases in convective available potential energy (CAPE)—the energy available to a parcel of air rising through a cloud—may increase the likelihood of severe

storms. Model simulations have shown that global warming will increase CAPE in the tropics, but scientists do not fully understand why this occurs or what the
implications may be for future precipitation intensity.

Slide source: Raghu Ganti/IBM Research




