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AI for …



THE VISUALIZATION PIPELINE

Every scientific result travels the same pipeline
1

Simulation /
Experiment Data Representation Rendering Interpretation Decision

From simulation or experiment to a decision, data passes through representation, rendering, and interpretation. 
Each hand-off is a chance to gain — or lose — scientific information.

In scientific visualization the image is not the product — the traceable mapping from data to visual 
evidence is the product.

You just saw what VisIt and ParaView can do across this pipeline. My question today: what changes when AI enters it?



THE VISUALIZATION PIPELINE

Where are the bottlenecks?
2

Simulation /
Experiment Data Representation Rendering Interpretation Decision

Terabyte
s -

 Petabyte
s



THE VISUALIZATION PIPELINE

Where are the bottlenecks?
3

Simulation /
Experiment Data Representation Rendering Interpretation Decision

I/O
 slo

w
Terabyte

s -
 Petabyte

s



THE VISUALIZATION PIPELINE

Where are the bottlenecks?
4

Simulation /
Experiment Data Representation Rendering Interpretation Decision

I/O
 slo

w
Terabyte

s -
 Petabyte

s

Data is 
big, sl

ow

non-in
teractiv

e



THE VISUALIZATION PIPELINE

Where are the bottlenecks?
5

Simulation /
Experiment Data Representation Rendering Interpretation Decision

I/O
 slo

w
Terabyte

s -
 Petabyte

s

Data is 
big, sl

ow

non-in
teractiv

e

Low-in
teractiv

ity

Huge vo
lume of d

ata

to analyz
e



THE VISUALIZATION PIPELINE

Where are the bottlenecks?
6

Simulation /
Experiment Data Representation Rendering Interpretation Decision

I/O
 slo

w
Terabyte

s -
 Petabyte

s

Data is 
big, sl

ow

non-in
teractiv

e

Low-in
teractiv

ity

Huge vo
lume of d

ata

to analyz
e

Miss
ed 

disc
overie

s



THE TRUST PROBLEM

AI methods are being explored at every stage
7

Simulation /
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Three sections organize the rest of this talk:
Represent  — AI changes the data and rendering pipeline.
Create  — AI changes how we build visualization workflows.
Reason  — AI changes how we inspect and act on the result.



IDEAS

Intelligent Data Exploration Assistant for Science

ASCR – funded project
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FRAMEWORK

Represent, Create, Reason — compressor, copilot, collaborator
9

REPRESENT
AI as compressor
Store and move less; 
reconstruct more.

CREATE
AI as copilot
Describe intent; an agent builds 
the pipeline.

REASON
AI as collaborator
The agent sees the render and 
helps decide what's next.



Argonne National Laboratory is a
U.S. Department of Energy laboratory
Managed by Argonne UChicago, LLC 

THE ANCHOR

Our running task: find and validate a rare collision in the cosmic 
web

10

Task: locate a bullet-cluster-like collision in HACC-
scale cosmology data — and prove it is real.
The same task drives all three sections:

Represent — does a compact model preserve the density ridges 
and collision morphology we are hunting for?

Create — can an agent build the slice / threshold / candidate-
inspection workflow without silently using the wrong field?

Reason — can a vision agent flag a candidate and request the 
measurement that confirms or rejects it?

Petabytes of multivariate particle data; more views than any person can 
inspect. That is the pressure behind every choice.

Image: HACC Farpoint lightcone. ALCF Visualization Team science-image library. The bullet-cluster search is our illustrative running example.



Part I — Represent

AI as compressor: change the data and rendering pipeline.



REPRESENT

At exascale, data movement often dominates exploration
11

At exascale, we can generate far more data than we can store, move, or explore interactively.

The classic response: write less to disk. 

The AI response: keep a compact learned model you can query and re-render on demand.

Render or store less  — reconstruct more.

This section lives here → Representation + Rendering

Simulation /
Experiment Data Representation Rendering Interpretation Decision



REPRESENT · WHAT IS A REPRESENTATION

A representation is a model you query — not a grid you store.
12

STORED — a grid
Explicit array: one value per grid point

N samples become N values on disk

Access = read from disk; move everything to use anything
Resolution fixed at write time

QUERIED — a model
Compact model: neural weights, spline control points, or 
learned primitives

Evaluate anywhere, on demand — no precomputed grid 
required

Move the model (small); reconstruct the data (big)

Why it matters
Query any location, any resolution — without loading the full field
Shift work from storage and bandwidth to computation
Enable interactive exploration at exascale scale

Three instances follow — Implicit neural representations (INR), Gaussian splats, and Multivariate Functional 
Approximation (MFA): each a different way to be compact, and a different way to be wrong.



REPRESENT · TECHNIQUE 1

An INR replaces billions of samples with a learned function
13

AI intervention: may smooth or interpolate away rare localized structure

Implicit neural representation (INR): a small neural network that maps a coordinate to a field value. Instead 
of a stored grid, you keep the weights and evaluate the field anywhere, on demand.

The trade
Preprocessing + training now, for a 
compact, continuous, queryable
model later.

Scientific example
A 3D simulation can store 
temperature, density, or pressure as a 
learned function instead of a giant 
volume.

The risk
It is an approximation. Smooth by 
construction — it can quietly round off 
sharp, rare structure.



REPRESENT · TECHNIQUE 2

Gaussian splats replace the grid with many tiny 3D blobs
14

AI intervention: learns many fuzzy 3D blobs – can smooth over thin or rare structure

Gaussian splatting represents a 3D scientific field with many small overlapping Gaussian blobs.
Instead of storing a huge 3D grid, you keep the blob parameters and render the structure quickly from them.

What it is
A Gaussian splat is a small fuzzy 3D 
blob with a position, size, shape, and 
value. Many splats overlap to 
represent the whole field.

Scientific example
A temperature or density field can be 
approximated by many splats that 
preserve the main structures and 
render quickly for interactive viewing.

The risk
It is an approximation. Soft blobs can 
blur thin boundaries, sharp peaks, or 
rare localized features.



REPRESENT · TECHNIQUE 3

MFA replaces the grid with a smooth, compact function
15

Peterka et al., Foundations of Multivariate Functional Approximation for Scientific Data, IEEE LDAV 2018.



REPRESENT · EXAMPLE

A real example: The Chameleon Dataset with Gaussian Splats
16

Which one is raw data rendering (Ground Truth) and which one a Gaussian Splat?

Image: Eero Dunham
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Ground Truth Gaussian Splat

Image: Eero Dunham
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Which one is raw data rendering (Ground Truth) and which one a Gaussian Splat?
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REPRESENT · EXAMPLE

A real example: The Chameleon Dataset with Gaussian Splats
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Ground Truth Gaussian Splat

Image: Eero Dunham



Part II — Create

AI as copilot: change how we build the visualization workflow.



CREATE

The scientist knows the question, not every ParaView call
20

“Slice the density field at z = 0, threshold the top 1%, and color by temperature.”
That is a clear scientific intent. Turning it into correct code means knowing the right filters, point-vs-cell data, array 
names, and parameters.

An LLM coding agent can bridge intent and API — if it has the right context.

This section lives here → building and interacting with the pipeline

Simulation /
Experiment Data Representation Rendering Interpretation Decision



CREATE

End goal: Even harder
21

“Find me the bullet clusters.”
- Agent needs to figure out

- What is a bullet cluster?

- How will it find it?

- How will it visualize it?

- How will it validate it?

- Etc.
This section lives here → building and interacting with the pipeline

Simulation /
Experiment Data Representation Rendering Interpretation Decision



CREATE

A visualization agent needs more than an LLM
22

Describe Generate Execute Render Inspect Correct

revise and re-run

The loop:
Describe → Generate → Execute → Render → Inspect → 
Correct

Inspect + Correct are the hard part — and the scientific 
part.

Context the agent must reach
•  Docs + examples   ·   dataset metadata + arrays

•  A real execution environment   ·   compiler / runtime errors
•  The rendered output   ·   performance signals

•  Scientific constraints   ·   human feedback



Argonne National Laboratory is a
U.S. Department of Energy laboratory
Managed by Argonne UChicago, LLC 

CREATE · EVIDENCE

Code that runs is not a visualization that is correct
23

92.2% of recorded failures fail at code execution.

The loud 92%: the code crashes, ParaView throws, you know immediately.

The dangerous ~6%: runnable code that renders a convincing picture and answers the question wrong 
— no crash, no error.

Grounded in NL2SciVis: 15 atomic ParaView tasks × 4 models × 14,000+ trials; two gates — did it run, and 
did it produce the right method, field, and parameters?

Model choice alone swung pass rates by 48 points.

Mathai, Han, Knowles, Mateevitsi, Rizzi, Childs. NL2SciVis, EuroVis 2026.



CREATE · CHATVIS

ChatVis: the correction loop as a working agent
24

An LLM writes a ParaView Python script, runs it, reads the error, and rewrites — until it executes correctly.

ChatVis is an iterative assistant (Argonne): describe an operation in natural language → generate a script → execute → 
detect & extract the error → re-prompt the LLM to correct → repeat.

What it is
An LLM-driven ParaView Python 
generator with an automated error-
detection-and-correction loop. A working 
system, not a benchmark. Code on 
GitHub.

The result
On 5 canonical visualization scenarios, 
ChatVis produced the correct script every 
time (vs ground truth). The same LLMs, 
unassisted, failed on every one.

The lesson
What made it work was the execute-
observe-correct loop — iteration and real 
error feedback — not a bigger model.

Mallick, Yildiz, Lenz, Peterka. ChatVis: Automating Scientific Visualization with an LLM. SC'24 Workshops (arXiv:2410.11863); extended IEEE LDAV 2025.



CREATE · GENIUS

GENIUS turns natural speech into visualization and HPC jobs
25

An AI assistant that lets a scientist speak to the workflow — ask questions, manipulate 3D models, and launch jobs on ALCF 
supercomputers.

GENIUS (General Experimentation and Natural Interface Utility System): an Argonne AI assistant combining large 
language models with immersive mixed reality (XR) and natural speech — converse with your data, your models, and the 
supercomputer.

The problem
The HPC workflow is fragmented: submit 
sims remotely, retrieve via command line, 
then switch to specialized desktop viz 
tools — skills many researchers lack.

What GENIUS does
Through natural speech: ask questions, 
visualize and manipulate 3D models in 
mixed reality, and execute jobs on ALCF 
supercomputers — one conversational 
interface.

Why it matters here
It closes the arc: compact 
representations and agent-built pipelines 
become things a scientist can simply talk 
to and steer.

Massa, Shaik, Ta, Han, Insley, Knowles, Mateevitsi, Papka, Rizzi, Shilpika. GENIUS: AI Powered Assistant for Scientific Research. IEEE eScience 2025.



CREATE · TAKEAWAY

The workflow is the lesson, not the model of the month
26

Describe Generate Execute Render Inspect Correct

revise and re-run

What made the corrections work was context and iteration, not a bigger model: real execution, real error 
messages, and a human who knew the science.

Real Argonne systems — ChatVis and GENIUS — show this in practice.

Where we are: we can now generate the candidate-inspection workflow — but runnable code is not yet a correct measurement.
Mallick et al., ChatVis, SC'24 Workshops; Peterka et al., IEEE LDAV 2025.



Part III — Reason

AI as collaborator: change how we inspect and act on the result.



REASON

What changes when the agent can see what it rendered?
27

Until now the render was the end of the line — a picture for a human. A vision-capable agent can 
treat the render as input: describe it, compare it, question it, and propose the next step.

In agentic systems the image can become feedback, not just the deliverable.

For 2D plots this feedback is demonstrated. For 3D HACC-scale scientific reasoning, it is active research.

This section lives here → Interpretation + Decision

Simulation /
Experiment Data Representation Rendering Interpretation Decision



REASON

Four levels: describe, compare, investigate, act
28

1  Describe Name visible structures; summarize a view.
Demonstrated (2D charts)

2  Compare Contrast timesteps, parameters, ensembles, viewpoints.
Demonstrated / emerging

3  Investigate Request another slice, camera, threshold, or measurement.
Emerging

4  Act Recommend or trigger the next analysis or run.
Research frontier

Levels 1–2: Bendeck & Stasko, IEEE TVCG 2024; MatPlotAgent, ACL Findings 2024. Levels 3–4: VizGenie, IEEE TVCG 2026 (emerging).



Production

Use AI today with your own work.



PRODUCTION · SUPER-RESOLUTION

Super-resolution renders fewer pixels—and reconstructs the rest
29

AI intervention: reconstructs pixels from fewer pixels — can sharpen , hallucinate or miss thin structure

Super-resolution starts from a lower-resolution render and creates a higher-resolution image.
The goal is to save rendering time while preserving a sharp image for analysis and interaction.

What it is
Render fewer pixels now, then 
reconstruct a large image later. This 
increases frame rate and reduces 
rendering cost. 

FSR1 vs DLSS
• FSR1: classic spatial upscaling and 

sharpening; fast and simple; not AI

• DLSS: neural-network reconstruction g 
prior training d temporal information

The risk
It is an approximation. Fine edges, 
tiny features, or rare structures may 
be softened, shimmer, or be 
hallucinated.



PRODUCTION · SUPER-RESOLUTION

Super-resolution renders fewer pixels—and reconstructs the rest
30

Image: NVIDIA
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Super-resolution renders fewer pixels—and reconstructs the rest
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Image: NVIDIA



PRODUCTION · PATH-TRACED DENOISING

Path-traced denoising
32

AI intervention: removes noise from few-sample renders while preserving detail and physical correctness 



PRODUCTION · PATH-TRACED DENOISING

Path-traced denoising
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PRODUCTION · PATH-TRACED DENOISING

Path-traced denoising
34



PRODUCTION · PATH-TRACED DENOISING

Path-traced denoising
35



PRODUCTION · A NECESSARY CAUTION

Generative imagery: fine for communication, not for evidence
36

Appropriate
•  Brainstorming visual encodings

•  Storyboarding a figure

•  Clearly labeled explanatory illustrations

•  Exploring a visual metaphor

Dangerous
•  Filling in missing scientific data

•  Adding unmarked detail

•  Using an image with no provenance

•  Confusing plausibility with fidelity

Generative AI can suggest what an explanation might look like. That is not the same as having visualized the data.

"The ethics of erroneous AI-generated scientific figures," Ethics and Information Technology (Springer), 2025.



PRODUCTION · CREATE / REASON

LLMs and Agents
37



Framework & Conclusion

Four questions you can take back to your own work.



PRACTICAL FRAMEWORK

Four questions before you add AI to a visualization
38

1. What bottleneck are we solving?
Data movement, storage, render cost, software complexity, 
attention, or interpretation?

2. What is the AI allowed to change?
The representation, resolution, code, encoding, 
interpretation, or the decision?

3. How could it be wrong?
Lost feature, invented detail, bad code, misleading encoding, 
misread pattern, failure at scale?

4. How will we validate it?
Error maps, feature metrics, compare to original, quantitative 
follow-up, multiple views, expert review, provenance.



Thank you
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