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he current Al revolution started with language

* Large Language Models (LLMs)

Large-scale training
Models | Data @ Compute

Massive Text Data
@ Web pages
trillions of tokens
[:IH Books
diverse knowledge

Articles & news

up-to-date information

6D

@ Conversations f—w
human communication

(/) Code
programming knowledge (/)

eees  and more...

GPU Clusters

Broad Capabilities

Answer questions
“Explain quantum computing
in simple terms.”

Reason and plan
“Help me plan a trip to Japan
next spring.”

Generate content
“Write a short story about
a robot and a dog.”

Write code

“Create a Python function
to analyze a CSV file."

and much more ...



hen Al learned to see

* Vision-Language Models (VLMSs)

Text Output (text)

“What is in the image? “The image shows a golden

Describe it in detail.” Transformer retriever dog sitting on grass.
The dog has a happy expression

—» with its mouth open and tongue
out. It appears to be outdoors

1 in a park with a blurred

background of trees.”

(Large Language Model)

Feed Forward Network

s il / Multi-Head Attention
Vision Text
Encoder Tokenizer T —_
VLM Capabilities
l l RMSNorm / LayerNorm = Image understanding
e Describe, recognize, locate objects
i e @ Visual question answering
Image tokens Text tokens Answer questions about images
(visual features) (word pieces)

L J —) Image reasoning
= Reason about scenes and contexts

y

E ﬂ Visual captioning
o M\ Generate detailed descriptions

Multimodal tokens ... and more



hen Al learned to act

* Vision-Language-Action Models (VLAS)

Visual Observation i ‘ Robot Acttlons
_ Vision-Language-Action Model (VLA) A Translation
Visual tokens A Rotation
" [ Gripper action
Vision N ) (or joint torques)
Encoder 5 Multimodal Transformer | , }
'- (Cross-attention, causal decoding) Bd Action
—> | Decoder —
Image / Video : | (eg. diffusion, Action sequence
(multi-view, time sequence) = flow matching,
u . q ' . or autoregressive)
it Text . |
Language Instruction Encoder Visual tokens Text tokens Action tokens
“Pick up the red box Text tokens

and place it in the mug.”

Example Robot Manipulation Tasks

=2 el .- e

Pick and place Open a drawer Plug insertion Pouring Stacking Fold cloth



VLA Example: Physical Inte\ligence

https://www.pi.website/blog/pistar06



https://www.pi.website/blog/pistar06

VLA Example: GPT-6 Astra
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=

https://x.com/cdngdev/status/20973396771289828737?s=20



https://x.com/cdngdev/status/2097339677128982873?s=20

How do we train a VLA?

RT-1 (Google, 2022)

RT-2 (Google, 2023)

OpenVLA (Stanford,
2024)

T, (Physical
Intelligence, 2024)

,.5 (Physical
Intelligence, 2024)

Takeaway:

Model
Size

3B

7B

~3B

~130K real robot
episodes

Web data + robot data
(~1M examples)

970K robot trajectories
(6 datasets)

~970K robot episodes

~350K real robot
episodes

for days or weeks.

Training
Approach

Transformer (BC)

Vision-language
pretraining
+ robot fine-tuning

BC with action chunking

Flow matching

Flow matching + post-
training

Compute / GPU
Setup

256 TPUv4 for ~17 days

Not publicly disclosed
(large-scale TPU cluster)

64 x A100 (80GB) for 15 days

Not publicly disclosed
(estimated large GPU
cluster)

Not publicly disclosed

Reference

Brohan et al. 2022
Brohan et al. 2023
Kim et al. 2024
Black et al. 2024

Black et al. 2024

VLA training can require large robot datasets and dozens to hundreds of accelerators running



Juno: an opportunity for UT Dallas

Advanced computing resource like Juno enable the next generation of
embodied Al research, from model training to large-scale evaluation

Natural Workloads for Juno UT Dallas Juno

VLA Pretraining / Simulation at Scale Large Evaluation Sweeps Multimodal Data Processing Powering Discovery at Scale

Fine-tuning
e E

.- i
22 Language instruction

52 NVIDIA H200 GPUs
(recent upgrade)
67 total GPUs on Juno

High-performance
GPU computing

“Pick up the red box
and place it in the mug.”

Supporting research

L
&  Large multi-robot @ Large-scale RGB, depth, point cloud =0 . a UT Dall
Many tasks and . : " £ |5 g Cross allas
— datasets parallel simulation ki @ tactile, proprioception siusitt
0 ; : = : Enabling next-generation

Model training . Rl and data generation A Reproducible benchmarking = . — %= ; .
a and fine-tuning @ 9 6'7) (e.g. VLA-Replica) &= Datastorage and processing _ = = .2 Al and robotics research
% VLA / foundation @ Domain randomization I Cross-embodiment {i} i o

models and environment generation il evaluation Bfficlantitrdliy ppaes More Compute. Greater Impact.
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Al is leaving the screen. B e

OF TEXAS AT DALLAS

From understanding the world to taking action in the real world.

Language
(LLMs)

With advanced computing,
we can build a more capable,
embodied, and beneficial Al for real-world impact.

ThankYou! 3 ";_:_.-.'.-..

Together, we can make Al more useful in the real world.* L
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