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Industry has led the way on Al for science but is unlikely
to lead a sustained effort.

* Need institutions with long horizons, open verification, and mission alignment

« Commercial incentives favor demo cycles, product pivots, and PR wins

« DeepMind’s materials project walked back after analysis by LBNL

+ Meta’s Galactica taken offline days after release

* IBM sold off Watson Health — market alignment diverged from scientific utility

/ Materials at DeepMind

Structural pipeline

—» —» St ability ‘1 :

GNN
Li,S,0, —»Qé?—» Stability — %

\VCandidates Graph AIRSS

\ Less successful than initial claims.

Candidates Graph o ner odels
o> DFT F’ GNoME .2 million stable structures
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Earth Systems at Microsoft \

PRETRAINING FINETUNING & INFERENCE

Effort abandoned.

-




DOE has invested significant effort to develop an Al

strategy.

ENERGY, AND
¥ SECURITY

ooooooooooo
ARTIFICIAL INTELLIGENCE FOR

NUCLEAR DETERRENCE STRATEGY
2023
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Secretary Wright visited LANL to discuss
Manhattan Project 2.0.

https://www.youtube.com/watch?v=Gyr_wQOSy_xQ



Application Areas

MATERIALS |

‘DISCOVERY

Our goal is to develop an
ecosystem of agents and
foundation models to address
DOE mission needs.

Enabling Technologies

-EVALUATION _

11 o8

ArtlMis

Al for Mission
\_

¥ MATERIALS |

—FRACTURE—
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Application Areas

"MATERIALS |

DISCOVERY

Emily Moved to
discussed lab-wide
this effort

ArtlMis

Al for Mission
\_

yesterday Enabling Technologies

EVALUATION
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We have built over a dozen special purpose science
foundation models including . ..

Stochastic Latent Transformers and VAEs Shape-agnostic PDE Foundation Model
https://huggingface.co/mahindrautela/MORPH

»éi@MDRPH

= PHYSICS FOUNDATION MODEL

Most models are:

* Trained on autoregressive roll-outs
*  Multi-modal (input decks, equations, simulation

data)
* Fine-tuned on new datasets (across domain)
* Fine-tuned for specific scalar outputs (time to 3
— fracture, physics numeric quantity, etc.) . .
- True foundation models — not just surrogate models Flndlnng/Elcs

T —"

Looking for a good name still ©
~
1@ Los Alamos G



MORPH: PDE Foundation Models with Arbitrary Data Modality

Results on PLI dataset (MPMM) Results on JAG-ICF dataset (LLNL)
SOU rce Targ et Pred iCtion 20, baraml, R? =0.975, L, = 0.035 param 2, R* = 0.995, L, = 0.013 o param 4, R? = 0.990, L, = 0.022
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LANL Staff Can Use Surrogate Models to Explore Designs

model output

=046 D2 =2 0525 8p 3= $0190]
(qain =250 .

| TRUSTED 9 ’
MODEL

RUSTED
o
R\ \ /’ -6"=’ 4»!
1. RS o’
5 10

p1: -0.46000
p2: -0.25000
p3: 0.90000

t: 0.00000
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But we can also drive those FMs with reasoning agents

model output

I (=0

t20100]

Menu

Non-language Optimization p1: 046000
via Model-Assisted Discovery p2: -0.25000

p3: 0.90000

t: 0.00000

0@ Los ﬁ!gmgﬁ%@ 3412026 17



We are building an agentic design and discovery system
driven by industry reasoning models.

“Find a new alloy that resists TaSk Agents

fracture at low temperatures.

Test itin a desired configuration

i and maximize time to failure.” @

*‘“? t\ ey SimulationAgent
. PUBLIC

L DDE!JMENTS

A 2 A @J-

L PRIVATE:
L ‘ pocuMEenTs

HypothesisAgent

PlanningAgent ScienceSummarizationAgent

WebSearchAgent
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- Hypothesis Generation , r Hypothesis \

: I Evaluation :
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We are automating a materials design lab for alloy

discovery.
.

Cu
Fe Cr
A

J -

MAE (5-fold CV)

2 3

2 &

RE

YS (MPa)

I Testing
I Training

Elongation (%)

SVR-R

Data collection from
literature.
Automated.

~
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Property prediction.
Partially automated

-

YS (MPa)
iy
S

: b [ "alT
w0 By, .

0 -r”

" Elongation (%)

ATERIALS
‘\ DISCOVERY

=

Model Inversion.

Partially automated.

Manufacturing and
testing. Partially
automated.

Team Leads: Saryu Fensin and
Tim Germann

Testing is automated. Automated manufacturing this summer.




The fracture foundation model predicts PBX fractures that
match physics sims, but 10,000x times faster.

"MATER!ALS l

*FRACTU

N

>

Vv

Pre-Training Phase
Simplified dataset Simplified dataset

[ i

T growth - s
— !’,’:
[/
""" — b
|

The transformer-based model is pre-trained on simplistic
fracture data and then fine-tuned with physics-based
simulations.

> )

High-fidelity sims —
—F
Model predictions —t
™ -

The fine-tuned PBX model matches high-fidelity simulations

\ with ~10% error, but is 10,000x faster.

<

AN

/With 15,000 sims,

\_

The foundation model .05 £ o phse Tekinta ] Fine-tuning on phase field data
H . Training on the fOU ndatlon Training on phase field data
IS More accurate flne' g 0.04 ®  phase field data model ives |Ower 10-2 ﬁ .
H " 2 - arget
tuned with 750 g RVISE g 4 | 0 [P
simulations than g 00 VISt and more g ~ (}‘%4
trainine f tch = . . visually correct 1004y ™
raining from scratc 00 . fract ft 17
with 15.000 . el = = racture patterns ‘
: : 0.01 ; than training from 1 ' | | |
simulations. - 1 00 05 10 15 20
10 ot scratch. Steps X108
\ Training set size /\
[~ .
‘9 LosAIumos@ Team Leads: Hari Viswanathan and Dan O’Malley



Models include tuning we have found useful

» Curriculum learning — tasks get

progressively harder MESSAGE PASSING NEURAL PDE SOLVERS

i SChedU|ed Sampllng - Sample from elther Johannes Brandstetter” Daniel E. Worrall*
. . s University of Amsterdam Qualcomm AT Research'
ground truth or rollout during training Joannes Keplesniversity Linz duorrallegts.qualcomn. con
randstetterfml. jku.at
» “Pushforward trick” Max Welling
. . . . Univcrsity of Amsterdam

« Data augmentation (including noise m.wellingéuva.nl

injection)

» Domain-relevant loss functions
* And more

1% Los Alamos (&3



We have invested heavily in improving auto- e
regressive rollouts Lelzea]

BEFORE OPTIMIZATION

Ground Auto- . Ground Auto- .
Truth regressive Difference Truth regressive Dlisetreties
(simulation) Rollout iresidual) (simulation) Rollout (residual)

HEAT dataset: LA-UR-25-26490

https://oceansl1.lanl.gov/



Michigan’s MIST model has found application in

our bio and HE work.

o8 N

Pretraining Pretrained
49B Foundation
Molecules Model

Emergent
Behavior
Analysis

Fine-tuned with LANL-curated data, MIST can
predict properties for energetic molecules.

Det. Velocity Det. Pressure
10000 ® °
(]
8000 . 407 o
= @ 30
% 6000 - % A
20
P 4000 =
10
2000 - %
[ 0 -
T T T T T T T
2500 5000 7500 0 10 20 30 40
Predicted Predicted
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Fine Tuning
86M
Molecules

Molecular
Generation

Property
Prediction

Fine-tuned MIST embeddings let the Bio team
vastly improve token prediction related to
small-molecule binding.
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We have an ICF desigh demo combining planning,
research, simulation, and data processing agents.

lani_scientific_agent — [screen O: mikegros@en682:~lanl_scientific_agent/examples] — ssh darwin-fe1

kegros@darwin-fel examples]$ vim example_helios_ICF.py
kegros@darwin-fel examples]$

summary this entire conversation:

ayer Capsule & Yield:

line direct-drive double-shell design (Al ablator, CH foam, Be tam . W inner shell, DT fuel
ns NIF pulse yields ~1.6x18%17 neutrons (logie(Y) = 17.2) in 1D Helios, supported by 2D check
and imprint.

imize Thicknesses:
all layers to upper thickness limits causes simulation failures (NaN) or drastically lower yi
hat excessive mass disrupts shock timing and reduces shell velocity.

igher vields (Trial Configurations):
o] parameter sets gave yields spanning from below 18*13 to over 4x18°17 neutrons in 1D.

Ci? signs typically thin the tungsten shell (tens of microns) and adjust foam/DT thickness for a
on.

gurations produced yields above 3-4x18*17 (logie(Y) = 17.5-17.6).

Ablator Thickness
Foam Thickness

T T T T T
0.2 0.3 0.4 X 0.2 0.4
DT Thickness Inner Shell Thickness /3D validation: R . i
1D designs must be tested in 2D or 3D to capture realistic laser-plasma instabilities, non-un
18 brication limits. Many radical changes that work in 1D may fail once real-world effects are i
16 ategy:

er-step parameter scans around promising GESigﬂS rather than making large ju'nps.

14 most stable high-yield 1D candidates with multi-dimensional simulations to ensure that hig
that shock timing, shell integrity, and pre-heat levels remain within acceptable margin:

find an even better design - iteration 10

12 A Design in Helios:

10 A

® Helios Evaluations
—— Running Maximum

Tamper Thickness

8 L

T T 6 T T T T
0.2 0.4 0.0 2.5 5.0 7.5 10.0
Inner Shell Thickness Evaluation Step Number tion design par

log10 Neutron Yield

@ e
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The planning agent does a careful breakdown with
expected outputs and success criteria.

mist_agent_macho-oarfish

Name

"id": "step_@", —pycache_

"name": "Set-up & Folder Structure", . B checkpointdb

"description”: "Create/confirm a working directory that contains (i) this step-plan, (ii) a sub-folder “code” for -.M‘C:::dm o
all Python scripts, (iii) a sub-folder “data” for every CSV produced, and (iv) a sub-folder “figures” for every saved B predictor_pathbxt )
plot.", | -

“requires_code": false, step_2_1_smiles_lib.csv
"expected_outputs": [
"Working directory exists",
"Sub-folders: code/, data/, figures/"
s
"success_criteria”: [
"All required folders exist",
"Folders are write-able”

valid_smiles_smoketest.txt

: . B step_0_1_create_output_dir.py
"Generate > 100 Candidate Energetic SMILES", e
"description”: "Programmatically or manually compile a list of at least 100 syntactically wvalid SMILES strings Y , seed.py

biased toward energetic motifs (e.g., nitro, nitrate ester, azide, nitramine, N-oxide). Store them cne per line in :_bootstrap_ok.py
esolve_executable_path.py

data/candidate_smiles.txt.",
"requires_code": false, 1_2_run_cmd_wrapper.py
predict_props.py
self_test_predict_props.py

L
"data/candidate_smiles.txt (= 100 lines)"

“;uccess criteria [ combinatorial_generation.py
"File exists and contains = 10@ non-empty lines”, 3_predictor_smoke_test.py
"Each line passes RDKit MolFromSmiles validation™

"step_2",

"name": "Write Batch-Evaluator”,

"description”: "Create step_2_1_run_model.py that reads candidate_smiles.txt, calls
“../bin_for_demo/MIST_FOR_URSA.sh '<SMILES>'" via subprocess, parses vdet/pdet/density, writes data/raw_results.csv
(smiles,vdet,pdet,density,status), retries failed calls < 3 times and logs persistent failures

"requires_code": true,

"expected_outputs": [

"code/step_2_1_run_model.py",
"data/raw_results.csv"

1,

"success_criteria”: [ L;:::iy;:re‘o'py
"Script runs without uncaught exceptions”,
"raw_results.csv has = 10@ rows with status == OK"

]

build_report.py
ite_markdown.py

}

compare_predictions.py

Los Alamos (&3 Rt

NATIONAL LABORATORY




URSA can use molecular science foundation models to
explore promising compounds

ACTIVE WORKSPACE

# mist_agent_macho-oarfish .7
# openai/o3

Solving problem:

You have access to the following program where you can input a SMILES string
and receive the values vdet, pdet, and density:
../bin_for_demo/MIST_FOR_URSA.sh '<SMILES_STR>'

For instance:

../bin_for_demo/MIST_FOR_URSA.sh 'CN1C=NC2=C1C(=0)N(C(=0)N2C)C'
vdet: 5139.240234375
pdet: 9.848932266235352
density: 1.4493311643600464

--[ BEGIN: TASK ] --

* Use your vast knowledge of chemisty to generate new energetic materials

in SMILES.
* For each SMILES string, use the model explained above to get vdet, pdet,
and density. Save results in CSV for later analysis / input to later
steps.
* You must try at least 100 different, valid, SMILES strings.
* Identify the Pareto-optimal set of SMILES that **maximize vdet and pdet**
while **minimizing density**.
* Generate plots to demonstrate this exploration.

--[ END: TASK ] --

You *MUST* use the above program, do not 'make up' values for these
compounds .
Your file names must be of the format of STEP_SUBSTEP_PURPOSE.py such as
step_1_4_read_data.py.

When appropriate, save results to CSV files from one step and read it in
for a later step rather than repeatedly running the model predictor
explained
above or hard coding result values into the Python code.

"

1% Los Alamos
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19:32:12 [11040/27324]

smiles

C{CH#N)C{NHNO2)C(CF3)C{CINF2)F)
C(C(N3)N3)C(NF2)C{C=CNO2)C(CHC)
C[C(N3)N3)JC(NO2)C(N(=0)(=0)F)C(C(F)(FIF)
C(N3)C[CF3)C(C=CNO2)C(CF3)
C{N3)C[{ONO2)C(CF3)C{N3)
C{NHNOZ)C(N(=0)(=0)CL)C{NI)C(CHC)
C1=NC(C(N3JN3)=NN1

C1=NC(C(NO2JN)=NN1

C1=NC(NF2)=NN1

C1=NC(NHNO2)=NN1

C1=NC(NO2)=NN1

C1=NC[{ONO2)=NN1

Cl=NMN|CH#C)N=N1

C1=NN{NF2)N=N1

C1=NOC(C#N)=N1

C1=NOC(CINF2)F)=N1

C1=NOC(C=CNO2)j=N1

C1=NOC(CF3)=N1

C1=NOC[OONO)=N1
clc{C#N)c(ONO2)c(N(=0)=0)c(C{N3)N3)ciN=NNH
clc(C(NF2)F)c(C#N)c(C(NO2)N)c(C#C)cl
clc{C(NF2)F)c(CF3)c(NF2)c(C(F)(F)FjcIN=NNHNO
clc(CINF2)F)c(NHNO2)c(C{NO2)N)c(C(NO2)N)ol
clc(N3jc(NHNO2)c(NHNO2)c(CF3)cIN=NNO2

Predicted detonation velocity / m/s (vdet)

vdet pdet density
492997945  B.323652  1.321173
475999951  7.528796 1.26886
5057.8794 8.88664 1.355764
4450.84375 6662179 1237691
5861.02051 12276969  1.383465
541083845 10.339888  1.375481
6690.05857 17929964 1.584569
6906.39648 19.081486  1.598827
6956.75684 19470047  1.602001
7487.31543 22809471 1617306
745982060 2292239 1649532
7642.86816 24.188114 1.662592
6181.41699 14088297  1.385088
7746.33584 25144131  1.683435
Pareto Frontier (red)
8000 1 All candidates LY °
@ Pareto front °®
[
7500 ®
7000 @
@
6500 . >
6000 - b
®
5500 -
5000 1 -
®
45001 @
10 15 20 25 30

Predicted detonation pressure [ GPa (pdet)




Available now: https://github.com/lanl/ursa

github.com

eoe <

[ README 42 License

h + @

o8¢

Languages

URSA - The Universal Research and Scientific Agent

o Python 5334 ® Makefile 0

=7
o~ .

The fiexible agentic workflow for

tasks. for flow for
planning, code writing and execution, and anline research to solve complex problems.
Installation
With pip:
git clone hitps:/fg ©
pip
With uv
W add <ADD PROPER ADDRESS HERE»

How to use this code

Betrer documentation wil be incoming, but for now there are examples in the examples folder that should give a
decent icea for how to set up some basic problems. They also should give some idea of how to pass results from
one agent to another. | willlook to add things with multi-agent graphs, etc. in the future.

Dacumentation for each URSA agent:
« Planning Agent
+ Execution Agent
« Ay Agent
« Web Search Agent
* Hypothesizer Agent
Documentation for combining agents
« ArXiv -> Execution for Materials

* Arxiv -> Execution for Neurton Star Properties

Sandboxing

1% Los Alamos (&
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University partnerships have expanded our ability to
make progress on fundamentals.

Molecules

Foundation models for

€@® materials and multiphysij

1% Los Alamos (&3

Loads
Pi,Qq

\_

PyQu DC Paramater :
Optimizer :
lb.w
Py LBy
DCOPF 'ﬁ
-...Optmized DOOPE__ " L5H(Py, Py) = [Py ~ Py
P i
H - . i -
Pi ! ol elle® R
T oled®tele ® H
: b ole !
H i o i g H
v :
DCOPF ML Model
"""""" i T Backsropagation

Design, discovery &

control with GeorgiaTeJch.

~

-

Al Science at

Scale

Opportunity for University of California
System Researchers and National Laboratory
Collaborators to Advance Artificial
Intelligence Science at Scale

The University of California (UC) System, in partnership with NNSA

lab ies, is seeking proposals from UC researchers for collaborative
projects that advance the frontiers of Al and Machine Learning science
atscale.

UNIVERSITY

Applications.

/




Industry partnerships have provided access to tools and
accelerated progress.

4 <§ NVIDIA [ ®opena

OpenAl and Los Alamos National
4x MUTED Laboratory announce bioscience
research partnership

Intersection of GenAl and Science OpenAland Los Al

Strawberry Evaluation Results
4

4
3
rrrrrrrrrrrrrrrrrr

Training and support for model building. \Early access for test and evaluatlcy

1% Los Alamos (&3




We have the only on-prem installation of an OpenAl
model anywhere in the world.

Lab partners with OpenAl to
advance national security

OpenAl's latest reasoning models will be used on Venado
supercomputer

Los Alamos National Laboratory has entered a partnership with OpenAl to install its latest
o-series models — capable of expert reasoning for a broad span of complex scientific
problems — on the Lab's Venado supercomputer, which uses NVIDIA GH200 Grace Hopper
Superchips, to conduct national security research.

"As threats to the nation become more complex and more pressing, we need new
approaches and advanced technologies to preserve America's security," said Laboratory
Director Thom Mason. "Artificial intelligence models from OpenAl will allow us to do this
more successfully, while also advancing our scientific missions to solve some of the Venado, the Lab's newest supercomputer, will use
nation's most important challenges." models from Cpendl.

The Venado machine will be moved to a secure, classified network where it will be a
shared resource for researchers from Los Alamos, Lawrence Livermore, and Sandia
national labs. TODAY'S TOP NEWS

1% Los Alamos (&3



Utility vs. Spectacle

We don’t need THIS,
for THIS to be useful

~
@ Los Alamos (&)
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Has mastered

more quirky skills

< L
z\
A

A
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5 Al Myths (and Reality) at LANL

e Al replaces mod/sim 0 Al accelerates mod/sim — physics stays truth

Q GenAl istos il Breciiee GenAl is.a controlled interface
(read/write/code)

e We need AGI 0 Narrow models deliver mission value now

Q Agents are for booking trips 0 Agents automate workflows

(data — run — report)

6 W hiand decisions te Al Al advises; humans decide
(bounded autonomy)

Al is a force multiplier—not a replacement.

~
@ Los Alamos (&)



LANL’s ArtIMis in Summary . ..

» Leverage frontier industry reasoning models

» Al ecosystem of reasoning agents powering non-language science foundation
models

« Partnerships with industry and academia

* Dozens of papers — CS as well as in applied domains
» Deep application to LANL mission

» Feeding directly into Genesis Mission project

1% Los Alamos (&3



https://github.com/lanl/ursa

Thanks for the Invite!

Feel free to reach out

Nathan DeBardeleben, Ph.D.

High Performance Computing Design (HPC-
DES)

ndebard@lanl.gov



mailto:ndebard@lanl.gov
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