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$1.6B NSA data center 
(1.5 million-square-foot facility)

Center for Extreme Data 
Management, Analysis, and Visualization 

• 10 Faculty + scientists,
developers, students, …

• Primary partners: 
UU & PNNL

• Other partnerships:
NSA, INL, LLNL, ANL,
Battelle, ….

• Involvement in national Initiatives
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CEDMAV builds infrastructure and 
tools for scientific workflows
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Cameras

High Resolution Sensing Devices and Massively 
Parallel Simulation Generate Big Scientific Data

BlueGene/L

Earth Images

Porous Materials

Wildfires

Hydrodynamic Inst.

Satellite

EM

Retinal Connectome

Climate

Jaguar

Photography

Fracture
Metallic Foam



NSDF Overview

The National Science Data Fabric: 
Democratizing Data Access 
for Science and Society



Petabytes of cloud 
storage for large scale 
scientific data (e.g.
4PB NASA climate 
data)



Petabytes of cloud 
storage for large scale 
scientific data (e.g.
4PB NASA climate 
data)

Owen Koppe



Petabytes of cloud 
storage for large scale 
scientific data (e.g. 
4PB NASA climate 
data)

Owen Koppe

Aashish 
Panta



Petabytes of cloud 
storage for large scale 
scientific data (e.g. 
4PB NASA climate 
data)

Owen Koppe

Aashish 
Panta



Petabytes of cloud 
storage for large scale 
scientific data (e.g. 
4PB NASA climate 
data)

Owen Koppe

Aashish 
Panta



Petabytes of cloud 
storage for large scale 
scientific data (e.g. 
4PB NASA climate 
data)

Owen Koppe

Aashish 
Panta



Pascucci-12

3D Visualization Provides Very Effective 
Intuition in Support of Decision Making

Nate 
Morrical
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Complex Decisions Benefit from 
3D Visualizations Combined Detailed Analytics

• Topological abstractions allowed to count features and 
express structural skeletons of scientific data spaces

• Time tracking of models in time allows detailed 
analysis of dynamic phenomena
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A user may need to answer important 
questions such as:
How much can I trust a model/set of predictions?

Can I anticipate the outcome of a particular event?

Why did the model give me the result it did?

How stable is the prediction?

- w.r.t. perturbation of training, sample, model?

Could I have changed something to get a better prediction for 
the kinds of phenomena I am interested in?

Explanations are Essential to 
Good Decision Making
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How would you make an automatic 
transmission “explainable”?

The user needs to have an 
expectation of what this 
will do to use/trust it 

Interpretability approach:
provide a view inside to see 
cause and effect

Explainability
approach: provide 
the tools to let the 
user build a mental 
model
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Domain Expert
Expert in application
Intuition about phenomena
Primary tool users

Policy Maker
Not expert in application 
Intuition about ML Models
Power to adapt tools 

Expert Analyst
Knowledge in application 
Intuition process->outcome
Adapts within tool context

Needs to process data
- Quantity
- Speed  

Success is
- Outcome
- Accuracy 

Needs to manage process
- Identify problems
- Find solutions

Success is
- Domain Experts Happy
- Integrate tool in production

Needs to develop tools
- Understand tradeoffs
- Robustness/stability

Success is
- Tools get used
- Improved 

performance/accuracy

Explanations for Decision Making permeate science workflows, 
and users from diverse backgrounds with multiple roles

New Clean Energy Manage Nuclear Reactors Wildfire mitigation
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Needs to process data
- Quantity
- Speed  

Success is
- Outcome
- Accuracy 

Needs to manage process
- Identify problems
- Find solutions

Success is
- Domain Experts Happy
- Integrate tool in production

Needs to develop tools
- Understand tradeoffs
- Robustness/stability

Success is
- Tools get used
- Improved 

performance/accuracy

Explanations for Decision Making permeate science workflows, 
and users from diverse backgrounds with multiple roles

New Clean Energy Manage Nuclear Reactors Wildfire mitigation

Explainable Visualization Support Users for all Roles
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The Core is to Understand Relationships 
in High-Dimensional Multivariate Data 

Experim
ents, Sim

ulations, Database entries

Attributes

Independent Dependent

Repeated analysis by selecting a “Domain of 
Interest” X and a “Figure of Merit” Y
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Scientists/Engineers/AI Optimize “the best” 
function for the task, given the input

f : X → Y f (       ) → cat

f (         ) → Maximize the quality 
of the outcome

f (                    ) →  Clean  
Energy

f (             ) → Better
Battery

f (            ) → 
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Topology is and Effective Language to Describe 
Abstractions of Features from Raw Data
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Topology Has Been Successful for Analysis 
and Visualization of Diverse Scientific Data
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Topology Has Been Successful for Analysis 
and Visualization of Diverse Scientific Data
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Simplification Allows to Create a 
Multi-Scale Representations of the Data
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Cancellation Trees Identify Prominent Ridges 
as Part of the Simplification Process
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We need the right abstraction for the task
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BURNING AND EXTINCTION 
REGION TRACKING
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Understanding Turbulence for Low 
Emission, High Efficiency Combustion 

Experiment      Simulation

• Lean premixed H2 flames
• Low Swirl Combustion 

(LSC) Burners
• Low pollution in energy 

production
• High Efficiency in fuel 

consumption
• Scalable from residential 

to industrial use
• Each variable 3.9-4.5 TB

Aniketh
Venkat
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We Take on the Challenge of Developing a 
Quantitative Analysis Detecting Turbulence

Understanding combustion processes over a 
broad range of burning conditions is an 
important problem for designing engines and 
power plants.

– Simulation with AMR mesh.

– Simulations of lean premixed hydrogen flames
with three degrees of turbulence.

– Can we identify precisely and track in time
burning regions?

– Can we discriminate the degree of turbulence
from a quantitative analysis?
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We Build a Reduced Topological Model of 
H2 Consumption on an Isotermal Surfaces 

domain hierarchy
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We Build a Reduced Topological Model of 
H2 Consumption on an Isotermal Surfaces 

domain hierarchy
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We track in time by interpolation in 4D and 
contraction to a Reeb Graph
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We track in time by interpolation in 4D and 
contraction to a Reeb Graph
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Each Set of Parameters Results in a Robust 
Segmentation and Tracking of Burning Cells
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Topological Segmentation Allows to Quantify 
Turbulence as Slope of the Area Distributions

• Combustion & flame



■ High-resolution CT scans provide insights
into internal structures
— Additive manufacturing
— NIF targets: Voids and high Z inclusions that

disturb the implosion
— High energy materials: Material aging and

performance characteristics

LLNL Deployment for High-Resolution Metrology of Additive 
Manufacturing Parts, NIF Targets, Energetic Materials, …

■ These applications pose a number
of new challenges
— Massive collections of large (2Kx2Kx6K and

above) scans exceeding local resources
— Diverse stakeholders: CT technicians, scientists,

decision-makers, etc.
— Distributed teams and data collection
— Data access restrictions

Xuan 
Huang 
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HIGH DIMENSIONAL 
DATA EXPLORATION

How do we explore a family of 
combustions to design new types of fuels?
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Intuition in 3D is Very Strong: Avoiding Misleading 
Visualization in 3D is Very Easy
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Lifting the Exploration from 2D/3D to High-
Dimensional Complex Parameter Space

2D+1

Geometric Domain + Merit Function

21D+1
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Exploration of High Dimensional 
Functions Data

Integrated  presentation of statistics and topology
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Improve Techniques for Visualizing 
and Exploring High Dimensional Data

53Gerber et al, 2010

Reduce dimensionality 
and then extract structure
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Improve Techniques for Visualizing 
and Exploring High Dimensional Data
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Reduce dimensionality 
and then extract structure
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Topological Summary
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Interface: Statistical Summary

Xuan Huang 
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Inverse Coordinate Plots
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Parallel Coordinates Plots
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Pairwise Scatter Plots
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Analysis of Combustion Simulations
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The Framework Allows Detailed Visualization 
and Analysis of High Dimensional Functions

10 dimensional data set describing the 
heat release wrt. to various chemical 
species in a combustion simulation

Pu
re

 fu
el
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10 dimensional data set describing the 
heat release wrt. to various chemical 
species in a combustion simulation

Pu
re

 o
xi

di
ze

r

The Framework Allows Detailed Visualization 
and Analysis of High Dimensional Functions



Pascucci-70

10 dimensional data set describing the 
heat release wrt. to various chemical 
species in a combustion simulation

Lo
ca

l e
xt

in
ct

io
n

The Framework Allows Detailed Visualization 
and Analysis of High Dimensional Functions
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Nuclear Reactor Safety

Zhimin Li
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Nuclear Reactor Safety
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The SCRAM Event: Strategies to Avoid Catastrophic 
Consequences (Meltdown) for the Reactor 

• 10,000 individual simulations of a SCRAM event.
• Input = 6 dimensions:

• PumpTripPre - pressure in heat exchange pump causing 
SCRAM

• PumpStopTime - the relaxation time (sec) of pump’s phase-
out

• PumpPow - end power of the pump
• SCRAMtemp - the maximum temperature (K) in the system
• CRinject - control rod position at the end of SCRAM
• CRtime - the relaxation time of the control rod system.

• Output = Peak Coolant Temperature (PCT)
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VR2
+ Simulator

67
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VR2
+ Simulator

72



Pascucci-80

VR2
+ Simulator

73.1
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VR2
+ Simulator

Pump trip pressure is the clearest distinguishing factor 
differentiating the high PCT (Peak Coolant 
Temperature) modes

73.2
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VR2
+ Simulator

Pump trip pressure is the clearest distinguishing factor 
differentiating the high PCT (Peak Coolant 
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Invariants:
• Pump power
• Control rod injection position
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VR2
+ Simulator

Pump trip pressure is the clearest distinguishing factor 
differentiating the high PCT (Peak Coolant 
Temperature) modes

Invariants:
• Pump power
• Control rod injection position

73.4

(*Necessary, but not sufficient conditions for high PCT)
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EXPLAINABILITY INCLUDING 
CATEGORICAL DATA FOR

AI AND COMPLEX SYSTEMS
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AI Applications and Explaining their 
Effectiveness

Deep 
Mind

● ChatGPT
● AlphaGO
● Auto-pilot
● ImageNet
● …

From 
TechCrunch
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Explaining inference in 
natural language processing
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ML Task: determine if a hypothesis is an entailment, 
contradiction, or neutral w.r.t. a premise statement
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Questions a user may need to answer

How much can I trust a model/set of predictions?
Can I anticipate the outcome of a sample given a 
model?
Why did the model give me the result it did?
How stable is the prediction?

- w.r.t. perturbation of training, sample, model?
Could I have changed something to get a better 
prediction for the kinds of phenomena I am interested 
in?
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Interactive tool for understanding 
NLP Inference

Zhimin Li
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Interactive tool for understanding 
NLP Inference

INPUT DISPLAY
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Interactive tool for understanding 
NLP Inference

RESULT DISPLAY / 
PERTURB 
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Interactive tool for understanding 
NLP Inference

PERTURB 
TRAINING SET
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Interactive tool for understanding 
NLP Inference

VIS MODEL 
ENCODING
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Interactive tool for understanding 
NLP Inference

VIS MODEL PARAM
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Interactive tool for understanding 
NLP Inference

PERTURB MODEL 
(ATTENTION)
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What can we manipulate intuitively 
to explain the ML for NLP?
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Perturbations Input - Different Modes of 
Failure After Applying Input Perturbations

Stable Truly 
Unstable

Boundary 
Condition
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Perturbations Input - Different Modes of 
Failure After Applying Input Perturbations

Stable
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Perturbations Input - Different Modes of 
Failure After Applying Input Perturbations

Truly Unstable
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Perturb Attention - Edit the attention 
to correct a prediction
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EXPLAINABILITY INCLUDING 
CATEGORICAL DATA FOR

AI AND COMPLEX SYSTEMS

WIFIRE: TOWARDS MAKING 
WILDFIRE MANAGEMENT 
EXPLAINABLE
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• Led by UC San 
Diego’s WIFIRE Lab

• Develop science-
driven technologies

• Deployed with the 
fire management 
community

WIFIRE project – Tools for fire management 
community
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BurnPro3D is a decision-making tool to 
plan safe and effective prescribed burns

• Users create 
scenarios

• Combines LIDAR 
inputs and Geo data

• Simulation 
ensembles for burn 
scenarios

• Variations in:
– Environmental 

conditions
– Fuels data
– Ignition Patterns

• Advanced metrics 
for evaluation

• ML proxies 
• Landscape level 

optimization



İlkay ALTINTAŞ, Ph.D. (ialtintas@ucsd.edu)

Four Pillars of BurnPro3D

FastFuels
3D Fuels for Fire 
Models

TrueTrees
Lidar-Derived Tree 
Positions and 
Heights

DripTorch
Custom Ignition 
Patterns

QUIC-Fire
Prescribed Fire 
Simulator

mailto:ialtintas@ucsd.edu
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Machine models augment human interpretation: 
reduce human labeling and recommendations

- Replicate a domain expert in labeling data 
- Asses is a prescribed burn is safe
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Level 0: Explaining a trained black box model
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ML can be an opaque process to a user

Labeled data

Production data Result 

Result 

Data OutcomeML Model

Sam Leventhal
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Given a sample, the model gives a result

Labeled data

Production data Result 

Result 

Data OutcomeML Model

How much can I trust a 
model?
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Co-visualization of samples and outcomes

Labeled data

Production data Result 

Result 

Data OutcomeML Model

How much can I trust a 
model?
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Co-visualize results on top of samples

sample->outcome   outcome->sample

Visualization uses:
Context to show outliers
Turn on-off outcomes

How much can I trust a 
model?

Added to Vis Tool:

Capability to load various 
outcomes

Color by class/prediction value



Pascucci-112

Co-visualization of samples and outcomes

Labeled data

Production data Result 

Result 

Data OutcomeML Model

Can I anticipate the 
outcome of a sample 

given a model?
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sample->outcome

outcome->sample

Visualization uses:
Context to show 
outliers

Turn on-off outcomes

Co-visualize results on top of samples

Can I anticipate the 
outcome of a sample 
given a model?
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Regression: PCA, T-SNE
sample->outcome

outcome->sample

Visualization uses:
Context to show 
outliers

Turn on-off outcomes

Brushing samples for 
deeper dive

Parallel coordinates

Co-visualize results on top of samples, and 
high dimensional exploration. 

Can I anticipate the 
outcome of a sample 
given a model?

Added to Vis Tool:

Loose coupling with high-dim 
exploration tool
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Regression: PCA, T-SNE
sample->outcome

outcome->sample

Visualization uses:
Context to show 
outliers

Turn on-off outcomes

Brushing samples for 
deeper dive

Parallel coordinates

Co-visualize results on top of samples, and 
high dimensional exploration. 

Can I anticipate the 
outcome of a sample 
given a model?
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Regression: PCA, T-SNE
sample->outcome

outcome->sample

Visualization uses:
Context to show 
outliers

Turn on-off outcomes

Brushing samples for 
deeper dive

Parallel coordinates

Co-visualize results on top of samples, and 
high dimensional exploration. 

Why did the 
model give me 
the result it did?

Added to Vis Tool:

Selection mechanisms to 
focus high-dim exploration

Multi-label selections to 
compare data items
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Regression: PCA, T-SNE
sample->outcome

outcome->sample

Visualization uses:
Context to show 
outliers

Turn on-off outcomes

Brushing samples for 
deeper dive

Parallel coordinates

Co-visualize results on top of samples, and 
high dimensional exploration. 

Why did the 
model give me 
the result it did?
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User Flow - Scenario Creation/Analysis

Uploads shapefiles 
and LIDAR 

Selects burn area 
with map layers from 
WIFIRE Data 
Commons

Designs ignition 
pattern(s)

Defines environmental 
conditions

USER

Generates FastFuels 
tile

Runs QUIC-Fire 
simulations

Calculates fuel 
consumption

BP3D

Defines burn 
objectives and 
identifies the 1) 
environmental 
conditions and 2) 
ignition patterns that 
achieve objetives

Explores visualizations 
of burns

USER

Reviews risk

Finalizes details for 
burn plan and to send 
to WIFIRE Model 
Commons

Inputs: Map Layers, 
LIDAR, burn unit 
shapefiles, ignition 
patterns

Variations: Environmental 
conditions including wind 
speed, direction, moisture 
levels

Outputs: 1000’s of 
simulated burns, 10s Tb 
time-varying 3d arrays
Derived: computed 
metrics, labeled outputs, 
AI predicted labels
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Tools are needed to support decision-making 
across stakeholder roles

BP3D Developers:

Did the simulations 
produce expected 
outputs?

Did hyperparameters
have intended effects?

Are there systematic 
instabilities?

Are outliers “real” or 
“bug”?

Burn Bosses:
What environmental conditions 
lead to safe/unsafe predictions?

Can we meet objectives without 
excess risk?

Are there unexpected hazards 
(slop over, smoke)?

Day of burn: how risky are the 
current conditions?

Fire Managers:

Which burn units should 
I prioritize this year?

How would changes in 
available mitigation 
resources affect fire 
risks?

How can I make fair 
decisions?

How do we balance 
area, habitat, and 
property risks?
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Next Steps: Add interface-driven 
counterfactual creation/evaluation/vis

AI
 M

od
el

AI Model

AI Models are coming online:
- PGML to speed up fire sim
- Regression models to automate 

output labeling

Principles of Explainability to apply:
- co-visualization of ground truths and

predictions throughout interface, 
and between models (glyph shapes)

- Enable what-ifs: draw polygons to 
“fill” with perturbations, select runs 
and auto-generate perturbations
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We support developers and burn bosses 
through an interactive interface
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We support developers and burn bosses 
through an interactive interface

Deployed in browser for diverse, distributed users base
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We support developers and burn bosses 
through an interactive interface

Standard High-dim views
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We support developers and burn bosses 
through an interactive interface

Dynamic customization 
of colors, sizes, glyphs, 
jitter
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We support developers and burn bosses 
through an interactive interface

Relates wind angle + 
speed to safety + area 
burned using color,size
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We support developers and burn bosses 
through an interactive interface

User-selectable axes
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We support developers and burn bosses 
through an interactive interface

Fire perimeter of each 
run
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We support developers and burn bosses 
through an interactive interface

Select-by-query, create 
subsets of interest
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We support developers and burn bosses 
through an interactive interface

Key Design Strategy: Enable interaction, use natural visualizations, flexibility to explore
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Fire simulations provide landscape-
level fire risks

700K Generated Fire Scenarios 
(lightning, human causes, etc.)

Each dot is a fire, area is 
simulated fire area

Fire rasters
aggregated 

Risk map

How can we help fire 
managers pick which units to 
burn?



Pascucci-131

Separate landscape-level optimization 
dashboard
What units should be burned each year to 
minimize overall fire risk? 
●Given: candidates for prescribed burn (based on topology, breaks, barriers) and 
associated operational costs/resource needs

●Select a set of burn areas within a burn-management budget such that 
landscape-level effect results in

●Maximizing reduction in potential wildfire damages such as
○area burned
○cost/number of structures damaged
○habitat loss (critical species)

○CO2 emissions
etc.
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Genetic algorithm for multi-objective 
optimization yields Pareto-frontier

A set of 
solutions 
on Pareto 
Front

Specific 
Plan (red)

● Each solution is set of 5 burn units

● Each solution is not “dominated” by any other solution, e.g. not “worse” in 
every dimension
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Making sense of landscape 
optimization
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Making sense of landscape 
optimization
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Making sense of landscape 
optimization
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Making sense of landscape 
optimization
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Making sense of landscape 
optimization



It is all about the people, their teamwork, 
and their passion!!

Xuan Huang Duong HoangOwen Koppe

Sam LeventhalAashish Panta Aniketh Venkat

Osei Kobe

Looking for new students! 
contact Pascucci@sci.utah.edu

Recipients of:
• Distinguished Research Award
• IEEE Technical achievement 

award
• IEEE Visualization Academy
• 2 Test of time awards
• 11 Best Paper awards
• Distinguished Mentor Award
• DOE Excellence in Technology 

Transfer

Zhimin Li Nate Morrical Valerio Pascucci

Alper Sahistan
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Questions
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