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Introduction

AAuroraGPTis an internal LDRDBfunded project at Argonne

A(Named after the exascale system at Argonne that is being used for much
of the research)

ALeverage DOE supercomputing resources to develop and enhance
understanding of powerful foundation models (FMs) for science

ACreate anc
with more

evaluate a series of increasingly powerful FMs, each
parameters and/or trained on more data than those

preceding it

AGoal is to build a large multimodal model capable of scientific
reasoning that is causally aware and can generate novel insights



AuroraGPT

Explore pathwayswards a

AuroraGPproject groups:
A01 Planning

G{ OASYGATAO ! aard®Papiée LRgSNBR o8

Aurora supercomputer:

A Assemble higlguality scientific
datasetsfor scientific FM training

A AdaptFM development methods
to meet specialized needs of
scientific FMs

A Assemble higlguality
benchmarkso provide objective
yardsticks for progress

A Apply and evaluate method
areas important for DOE science

A03 Model training (preraining)

A 04 Evaluation (skills, trustworthiness, safety
A 05 Posttraining (fine tuning, alignment)

A 06 Inference

A 07 Distribution

A 08 Communication 5
Posttrain

2. 3. 4. 6.
Data prep Pretrain Evaluatio Inference




AuroraGPRctivities

Posttraining models adapted to meet

A Large datasets of scientific text specialized needs of science FMs
A Highperformance document parsing an -
de-deduplication pipelines Posttrain] Scalable inference

A Synthetic data generation methods 1 methods for use on
2. 3. A 6. ALCF and other
Data prep Pretrain Evaluatio Inference| Supercomputers

A Scalable préraining pipelines A Acquire and deploy wide variety
for Polaris and Aurora of evaluation suites

A Models trained with standard A New evaluation methods
and enhanced datasets specialized for science FMs




Intended outcomes

ADatasets and data pipelinefor preparing Science training data

ASoftware infrastructure and workflowso train, evaluate, and deploy LLMs
at scale for scientific research purposes

AEvaluation of stateof-the-art LLM modeldo determine where they fall
short in deep scientific tasks and where deep data may have an impact

AAssessment of the valuef augmenting web training data with two forms of
sciencespecific data

A Fulktext scientific papers
A Structured scientific datasets (suitably mapped to narrative form)

AResearch grade artifacts (modelf@r scientific community and adaptation
for downstream uses

APromotion of responsible Abest practices, where we can figure them out
Alnternational collaborationsaround the longterm goal ofAl for science
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Posttrain
02 Data > N A oW
Data prep) Pretrain Evaluatio Inferenc

Goal: Assemble a large corpus of documents (general and scientific)
and scientific data foAuroraGPmodel training, finetuning, reasoning

Data Collection

A Generic data (Dolm& T token$

A Scientific papers (~100 Million&espect copyright (e.g. ACM Digital Library)
A <ientific data (x Exabytes)

Scientific Data Adaptation
A ConversiorPDF into text (math formula, figures) + Convert science information (data) to text (narrati\

A De-duplication (syntactic and semanti©f x100B of scientific documeni® avoidmemorization, bias)

Data Quality
A Peetreviewed papers as much as possible, but also prepan¥ay bioRxiyChemRxiwvetc.

A Scientific data from trustedources (e.g. DOE facilities)

Data Domains
A Al scientific domains, starting with Material, Physics, Biology, Computer Science, Chemistry, etc.



02 Data: Collection (partial)

Generic Data

Scientific Data

Dataset Format Sijze
JSONL (general web
RP1 text) ~3TB
JSONL (general web
RP2 text) ~5TB
DOECode Code (DOE only) 9GB
PILE JSONL (2/3 general) 825GB
StackCode Parquet(code) 783GB
Dolma JSONL 5TB
Dataset Format Size
PubChem Compound json
PubChem Compound
(no description) json
PubChem Gene json
PubChem Pathway json
UniProt TrTEMBL json
UniProt uniref100 json

Credit: Data teamnr

Dataset Format Size
Full text collection of
CORE scientific papers >2TB
n
O Jsonl (40M open
% access academic
2} peS20 papers) 259GB
_HC:J PMC-OA markdown+pdf 202GB
*E Arxiv pdf+figures 2.2TB
-% Biorxiv xml+pdf+figures 9.7TB
N Medrxiv xml+pdf+figures 542GB
chemrxiv pdf
ACM XML 16GB
NIH_ LITARCH xml+pdf+figures 153GB
Aal y& R2O0dzyYSyua

M { O f

AAAAAAAAAAAAAAAAAA




02 DataAdaParse: AAdaptive parallelPDF parsin@nd resource
scalingengine

PDF/s numbers are for a single node (4 GPUSs).

10% PyMuPDF Tesseract  (FT): FastText word embeddings PyMuPDF (72.4 E—Qsﬁs-)
—_— Aja]-"ars& (FT) —_— Noufm (LLM): use SCiBERT oypdf (6.4 @SE ,
AdaParse (LLM —— M 0.84
atarse (LLM) et —— GROBID (2.5 P2F)
N F}"PDF . . PDFs
10 ~—— Nougat (0.12 ==2)
. Tesseract (0.09 2252)
w1 0.61 PD,
§m 1021 " —— Marker  (0.02 £255)
— S
= 2
2 2
&D Y 0.44
g ]-Gl' 2 04
=
10% 0.2
10-1. BLEU computed from papers (ground truth) using HTML
versions made available by the publishers for about 10k PDFs
0.0+
10° 10! 10? 0 5.000 10,000 15,000 20,000
Number of nodes Rank of PDF sorted by average BLEU score across parsers

o PDFs vary greatly in their complexity; parsers vary greatly in cost ardbpeaccuracy
8 Hence: Estimate perloc complexity, choose parsef(s) to meet accureagt target

[bAdaParse: An Adaptive Parallel PDF Parsing and Resource Scaling EragibeSie_benschuK Ie_HiplgeOzan GokdemiAlexander
Brace Arham Mushtagq KharKhalid Hossairivadu BabujiNicholas Chidvenkatram VishwanathArvind RamanathafRick L. Stevenkan

Foster Robert UnderwoodMLSYS 2025.


https://openreview.net/profile?id=~Carlo_Siebenschuh1
https://openreview.net/profile?id=~Kyle_Hippe1
https://openreview.net/profile?id=~Ozan_Gokdemir1
https://openreview.net/profile?id=~Alexander_Brace1
https://openreview.net/profile?id=~Alexander_Brace1
https://openreview.net/profile?id=~Arham_Mushtaq_Khan1
https://openreview.net/profile?id=~Khalid_Hossain1
https://openreview.net/profile?id=~Yadu_Babuji1
https://openreview.net/profile?id=~Nicholas_Chia2
https://openreview.net/profile?id=~Venkatram_Vishwanath1
https://openreview.net/profile?id=~Arvind_Ramanathan1
https://openreview.net/profile?id=~Rick_L._Stevens1
https://openreview.net/profile?id=~Ian_Foster2
https://openreview.net/profile?id=~Ian_Foster2
https://openreview.net/profile?id=~Robert_Underwood2

02 Datal SHBloomMemory-efficient, extremescale
document deduplication

O« O« O« O«

We may have 100Ms or Billions of documefinggn many sources

| A3K RSINBS&E 207 26iR dyl SabiilatiosNBotirées 0 A ( https:/arxiv.org/abs/
De-duplication important for model quality, training costs
SOTAVinHashLSHIoes not scaléo 100Ms of docs

2411.04257

A LSHBIloomeplaces expensivieSHIndexvith lightweight Bloom filters

270% faster than
MinhashLSH
while maintaining
F1 score

Far faster than

Table 6: Deduplicated datasets of scientific documents. % new is the number not found in peS2o
according to our deduplication strategy.

Name # docs | % new | Description

Dolma 1.7 5.2 billion — | Allen Institute for AI (AI2) general document collection
— peS20 38,972,212 base | AI2 science articles (8M) and abstracts (30M) (in Dolma)
— ArXiv 1,554,434 55.11 | ArXiV Scientific Preprint Server (in Dolma)

ASM 440,221 59.07 | American Society for Microbiology

ACM 326,889 55.41 | Association for Computing Machinery until 2017
BioRxiV 371,144 67.49 | BioRxiV Scientific Preprint Server

OSTI 136,637 65.78 | DoE Office of Scientific and Technical Information PDFs
MedRxiv 68,949 58.83 | MedRxiv Scientific Preprint Server

NIH LIT ARCH 38,810 73.29 | National Institutes of Health Archives

PMC-OA 60,311 52.63 | PubMed Central Open Access Papers

IPCC 13 | 100.00 | Intergovernmental Panel On Climate Change Reports




02 Data Scientific Data Transformation Raw to Narrative

LLMs need text as inputs (until we figwoat direct tokenization of scientific data):
ACNI YaT2NXYIGA2Y 27F aOA S tektiBlie@reddbngf thelraiv Hatah y 0 2 Ay

The genome with identifier {{genome_id}} has {{genome_length}} base The genome with identifier 1121370.3
pairs and name {{genome_name};. has 2300451 base pairs and name

{{reference_genome}} genome by NCBIL{{$fi}}
Genome 1121370.3 is considered a

{{$nl}}Genome {{genome id}} has {{contigs}} contigs, {{patric_cds}} Representative genome by NCBI.

known protein-coding regions, and is considered {{genome_quality}}
quality. Genome 1121370.3 has 8 contigs and
{{$if:host_name}} 2108 known protein-coding regions, and

{{$nl}}{{genome_name}} is normally found in {{$list:host name:and:, }} is considered Good quality.

{{3if.disease}}, where it causes {{Slist:disease}{{$fi}}.
Corynebacterium ulceribovis DSM 45146

{{Selse}} | | ‘
{{if-disease)} {{$nl}}{{genome_name}} causes {{$listdisease}}.{{$fi}} is normally found in Bos taurus, where it
{{3f}) causes ulceration.

{{Sif:reference_genome}} {{$nl}}Genome {{genome_id}} is considered a Corynebacterium ulceribovis DSM 45146.

Figure 5: Examples of our template-based approach to generating narratives from scientific databases.
On the left, a template designed for application to genomic data, with red denoting control statements
and blue denoting variables to be filled in. On the right, a narrative produced via this template from
data contained in BV-BRC, with instantiated values in blue.

Simple templating or dumps of data
from the database&y very high
levels of duplication leading to
memorization

A Need to give LLM clear guidance
e.g. Prioritize ensuring the
factual integrity of summary by
drawing heavily upon the record
for information.

A Need to take into account
perspectivesfor what purpose
the dataset has been generated
(e.g. virologist vs a geneticist )

A Ask LLMs to consider all fiel@
not LLMs tends to ignore fields)

Argonne &



5.
Posttrain
2. 3. 4. 6.
Data prep Pretrain Evaluatio Inference

03 Model training (prdraining)

Goal: Solid Preraining infrastructure, exploiting
Aurora capabillities to maximize performance

AOn Polaris (Nvidia) and Aurora (Intel)
AMegatron +DeepSpeean Polaris. Adapted for Aurora (Intel GPUS)

AChallenge (parallel computingidentify right level of data/model/pipeline/tensor
parallelism for Aurora

AGradually increase from 7B, 70B, etc.
ACapture checkpoints
AChallenge (parallel computinglow overhead parallel checkpointing

ACapture loss curves and scaling data
ADetect/Handle spikes in loss, and monitor perplexity when training large models
A Challenge automatically detect spikes and identify checkpoint to restart from to avoi



05 PostTraining e

Goal: Pospre-training workflow optimized for science tasks

4, 6.
Evaluatio Inferenc

A Implementpost training workflowfor snapshots fromAuroraGPPre-training runs
A Include Chat finduning and alignment focusing on Math and Coding
A ChatSupervised Fine Tuni{8FT) and Instruct SFT

A Alignment (truthfulness, safety): Based on RLRiFE(forcement Learning From Humat
Feedback DPOIDirect Preference OptimizatignKTORInary signal: is the model
output desirableor undesirablg

A Challenge: need to collect more scientific conversatiqi®00 Scientists Jam will help)

Eval uatlon_/ comparison of Natural Language and Reasoning Truthfulness Math Code Generation
Llama 7B fin¢uned (used Models arc challenge  mmlu hellaswag | truthfulga gsm8k HumanEval
a collection O_f Instruction 25 shot 5 shot 10 shot 0 shot 5 shot pass@1
tuning datasets 7 5 g 53.66 45.66 78.56 38.9 15.16 14.02
UltraFeedbackivrint ): 1y > 7b-chat 2 5418 4720 78.69 452 21.45 14.02
Verbal abilityreasoning, o\ S 45.98 28.98 77.12 35.8 4.09 13.41
truthfulness, math, and ¢, | 67.21 53.02 79.87 49.7 31.46 31.70

code generation

Credit: Postraining team. Ultralnteract: large-scale, highquality alignment dataset designed for complex reasoning task



03 Pretraining to 04 Post Pyaining (finetuning)

s Models 7

® argonne-private/AuroraGPT-DPO-UFB-0.. private
Updated Mar 28

B argonne-private/AuroraGPT-7B-If-F16.. private
Updated Feb 7

Fine tuned

® argonne-private/AuroraGPT-7B

+ Text Generation « Updated Feb5 - & 2.46k (0] produce

® argonne-private/AuroraGPT-7B-0I private
Updated Jan 31

Tl Sort: Recently updated

® argonne-private/AuroraGPT-DPO-UFB-0.. private
+ Text Generation « Updated Feb 25

B argonne-private/AuroraGPT-IT-v4-0125 private
- Text Generation - Updated Feb5 - *+ 114

® argonne-private/AuroraGPT-Tulu3-SFT.. private
+ Text Generation « Updated Feb 3




5.
Posttrain

04 Evaluation

Goal: Comprehensive evaluation infrastructure for | pu2uwel| eregan
LLMs as scientific assistants

6.
Inference

Primary purposes:
A Evaluate LLMs capabilities in research context: knowledge extension, reasoning capabilitit

safety for users and community
A Compare withAuroraGPTrained with 100M+ scientific papers + data

Establish a methodology:

A Standard frameworks and benchmarBEeutherAHarness, HELNBkillMix FLASK (alignment)
A Safety benchmark€Trustworthiness, SafetypecodingTrustTrustLLM WMDP

A Existing domairspecific benchmarks in Chemistry, Physics, Climate, Biology, etc.
A Create scientific benchmark@ncovered domains, new benchmarking approaches, etc.)

A Create new evaluation techniques if needed

AAAAAAAAAAAAAAAAAA



EAIRA: Mulfacetedeval methodology Enato-End

Proposed Methodology

| New

New |

In the Wild

Techniques MCQ Benchmarks SPSNISESPONES == §tyle Field Style Experiments
Benchmarks xperiments
. . | Testing knowledge . .
: Testing knowledge breadth, basic - e : Realistic trend analysis and
Main Goal reasoning depth, pla!mlng, Realistic testing weakness diagnosis
reasoning
Predet.e Ll Individual Human
Fixed

Problem Type

Predetermined, Fixed Q&As with
known solutions

Free-Response
Problems with
known solutions

Defined Problems
with unknown
solutions

Many Human Defined Problems with
(un)known solutions

Verification

Automatic response verification

Automatic or
Human response
verification

Humans detailed
response analysis

Scalable automatic summary of
human response

Examples

Astro, Climate, Al4S
(multi-domain), Existing
Benchmarks

C SciCode, )

see "lab style
experiments"

see "field style experiments"

Cross Cutting Aspects I

« Trust and Safety (ChemRisk), Uncertainty Quantification, Scalable Software Infrastructure (STAR) —

(Prior work by othersPrior work by authorsNew work)

4 complementary evaluation techniquete comprehensively
assess the capabilities of LLMs as scientific assistants.
EAIRA: A Methodology for Evaluating Al Models as Scientific Research Assjstangs//arxiv.org/pdf/2502.20309



https://arxiv.org/pdf/2502.20309

Sample question from Astronomy benchmark dataset

MCQBenchmarkASTRO

A 4425Automatically generated MCQs

A From 885 articles ifnnnual Review of Astronomy and
Astrophysics1963 to 2023.

Instructed Geminll.5Pro to propose 5 questions that can
0S IYyasgSNBR o60FaSR 2y (0KS LI

Each guestion was accompanied by four options (A, B, C, D)
only one of which is correct.

Robustness considerations added to the prompt generating
the questions.

(A)

(B)

A

©

A

(D)

How does the presence of stellar companions influence
the formation and detection of exoplanets?

Stellar companions can dilute transit signals, potentially
leading to misclassification of planets and inaccurate
parameter estimations. Additionally, their gravitational
influence can suppress planet formation in close binary
systems.

Stellar companions provide additional sources of
gravitational perturbations, enhancing planet formation
by promoting planetesimal accretion and facilitating the
formation of gas giants.

Stellar companions contribute to the metallicity enrich-
ment of planetary systems, leading to the formation of
more massive and diverse planets, including super-Earths
and hot Jupiters.

Stellar companions act as gravitational lenses, increasing
the detectability of exoplanets through microlensing
events and enabling the discovery of planets at greater
distances from their host stars.

A 200 MCQs were manually validateg . , ; . n———

Claude-3.0-Opus I S 2 . 7
GPT-40 I - 0 - 4
Claude-3.0-Haiku NN 7 7.9
Gemini-1.5-Pro N 7 7 .6
Yi-Large| [77.3
Claude-3.0-Sonnet [N 7 6. 7
Step-2 I 6 6

Some take aways:
A Claude 3.5 Sonnet best (no O1 test)
A Llama3-70B on par with GPT40

Claude-2.0} 75.3

A Published in July 2024 @mXiv(journal: 2025) st 1>

A Benchmark almost/probably saturated ERNIE-4.0 I /5 1
GPT-4 I/ .5 -

Lama-3-706 I, - O ¢ -
Mixtral-8x226-v0.1 [ "7
owen-2-72¢ IINININININGNEEEEEEEE 7 7
Gemma-2-2 76 I 7 & &
Phi-3- 148_?5 E
Mistral-8x78-v0.1 NG -7
Qwen-1.5- 328_73 r B
Yil.5-34B] . [ENE
LLaMA-3-8E IE— 2.0
awen-1.5-110¢ [ 2
qwen-2-57c [N 1 ¢ @
Phi-3- 43_?1 ? i [ b
Gemma-2-9E I— 7 1.5

Y:S. Ting, eal.i, AstroMLall: Who wins astronomy jeopardy!?
Astronomy and Computing, Volume 51, 2025,




Open Response BeﬂChmaHCiCOdE@integrated into the methodology)

Sientistcurated code genera’[ion benChmaliﬁlﬁhematics, physics, chemistry, biology, materials scienc
80 main problems (numerical methods, simulation of systems),

decom d into 338 subproble===
eCO p Ose I n O S U p rO ¥ Main Problem . Subproblem 2
. . Question: Generate an array of Chern numbers for the ‘Backaround: Source: [CITATION
The o b |emm atu ra" faCtorlze INto Haldane model on a hexagonal lattice by sweeping the Here gve can discretize[the two-dir]nensional Brillouin zone into grids
g
following parameters: [MORE QUESTION TEXT] ;
It I b bl h . | . o Ji il with step [MORE BACKGROUND TEXT] J
] h
mu Ip e su pro emseac INVO Vlng c?g?:czfnl:a%fcherninumberigrid(delta, a, t1, t2, N): [Question: Calculate the Chern number using the Haldane Hamiltonian.]
: ‘Docstrings )
kn0W|edge reca”1 reasonlng’ COde g;%:a (float): The grid size in kx and ky axis. def ﬁgwputg_chern_number(delta, a, t1, t2, phi, m):
Synth eSIS. [0 At Function to compute the Chern number.
F;?s:ﬁ{rt“:(ndarray): 2D array of shape(N, N), the Chern numbers. Args:
m?.RE RETURN VALUES] ) ?55;2 ;;éa;;&%s‘]rhe grid size in kx and ky axis.
-
; ‘Dependencies ) .
TO SOIVe a maln prObIemLMS mUSt mggﬁ 2::% AsiR Eﬁ::rzi:ilmber (float): The Chern number.
- H M from math import pi, sin, cos, sqrt
Implement multiple Python functions e %
; P n b EI y di Subprobiem 1 Subprobiem 3
f . \ & - . . . . . N . N
Background: Source: [CITATION] Question: Here we can discretize the two-dimensional Brillouin zone
or each su pro e€m an Integrate {a;} are the vectors from a B site to its three nearest-neighbor .into grids with step [MORE QUESTION TEXT] )
them into a comprehensive solution. (A5ftes then e Bave IMORE BACKEROUNDTEXTT J: i(Docetinge )
Question: Write a Haldane model Hamiltonian on a o S B S L S e L
hexagonal lattice. e
] . 'Docstrings S Function to calculate the Chern numbers.
def calc_hamiltonian(kx, ky, a, t1, t2, phi, m): :
SCICOd¢)rOVIdeS g0|$tandard e e : - gg%ia (float): The grid size in kx and ky axis for discretizing the
. R Function to generate the Haldane Hamiltonian. Brillouin zone.
solutions and multiple test caséar (HORE. ARGLME]
. . . Izrﬁoéélzsél)ﬂ&%]x component of the wavevector. Returns:
rellable automatlc evaluatlon . Tﬁggét;s(rﬂgﬁr\rl‘:{l)]és?o array of shape(N, N), The Chern numbers.
Returns:
L n;{rlllij{:;nian (ndarray): matrix of shape(2, 2). } L )
e i MinyangTian,SciCodeA Research Coding Benchmark Curated by ScieariXis,
roblems are very challengingspire

from Nobel prize level problems. arxiv:2407.13168


https://arxiv.org/abs/2407.13168

ndto-End Evalt0001,500 Scientists Al J/A
9 Labs Simultaneously (Feb.28, 2025)

Researcher



1,000 Scientists Jam Session:
In numbers

Total:

2800+ problems

15000+ assessed prompt
responses

Argonne:
720 problems
2500 prompts




1,000 Scientists Al JAM Session: Goal
and Rules of engagement

participation and
Goals contribution on a
voluntary basis.

A Give Lab researchers an opportunity to test the best available LLMs
A Build a large corpus of interactions between researchers and Al models
A Will help Labs understand how researchers will use reasoning models LLMs for Bcience
How Almodels may accelerate discoveries
A Will help Al labs (OpenAl, Anthropic) to improve their moleio improve our research
Rules:
A Explore advancedlmodels onchallenging scientific problems
A Better understand the potential impact @flreasoning models onational security and science
A In-person eventhosted at Argonne, Berkeley, Brookhaven, Idaho, Livermore, Los Alamos, Oak Ridge, Pacific
Northwest, and Princeton Plasma Physics national laboratories. Scientists fronDdédgabs are also
participating,
Explore models from OpenAiX-pro, ol-deepresearch, o3dnini-high) and AnthropicClaude 3.7 extendex

OpenAl people in the rooms Argggngme

To o



1,000 S Al JAM: Domains (Partial)

Researcher participation and contributions on a voluntary basis.

g | A Literature search, analysis, survey "A Domain specific LLMs/Ager(isse LLMs
S | A Data analysis and forecast, interpolation, extrapolation, as foundation models)
© | classificatior(Point Cloud, signal, protein sequences, files, etc.) — 1 A Hyper parameter exploration for DL
= | A Anomaly detection training.
& | A Signal Analysis -
— . A Scientific Visualization 8 -A Battery design
i | | - @ 4 A Chemical Mechanisms

A Algorithm design/optimization £ | A Physics beyond standard model
= A Automaticcode generatiofrefactoring 2
£ | A Codetranslation | 8 | A Infrastructure modelin@nd resilience
S | A Debugging codetsequential, parallel) £ | A Natural Disaster assessment

A Automatic code performance tuning/optimization
o L A 1dentifying performance bottlenecks A Surrogate model
< A Mathematical derivations
£ A Automatic tuning of instruments A PDE solving
g A Experimental Desigfincluding autonomous workflow) < | A Convergence proving
X A Dark mater experiment design CEG 1 A Equation validity testing

A Derivative analysis

o A Understanding mechanisms of Cancer A Uncertainty estimation
o 1 A Understanding radiation effects on human cells A Inverse problems

A Predictive Genomic Models A Statistical modeling Argonne &




1,000 Scientists Al JAM: Not just for fun

https://arxiv.orgpdf/2503.23758

Statistical mechaniceodel of interactions between thg-
state spins on a latticaliscrete degrees of freedom
arranged in a regular spatial structuteading to a
situationwhere not all interactions can be simultaneously
satisfied, resulting in a "frustrated" system with potentially
complex behavior(application in crystallography,
percolation, andiological systems)

GRSNA G GA2Y 2F Xow DiLSIH VX
latest reasoning model o3nini-high (never been
solved beforehpt the firstever 1000-Scientist Al Jam
SessionHence, the author was inspired to prompt this Al

reasoning model progressw@l(ydesplte quite a few errors
AY 1'LQa NBaLRyaSaode

- Researcheg¢ Reasoning LLM collaboration

)

Brookhaven National Laboratory

arXiv:2503.23758v2 [cond—git.stat—mech] 6 Apr 2025

Exact Solution of the Frustrated Potts Model with Next-Nearest-Neighbor Interactions in One
Dimension: An Al-Aided Discovery

Weiguo Yin"|
Condensed Matter Physics and Materials Science Division,
Brookhaven National Laboratory, Upton, New York 11973, USA
(Dated: April 8, 2025)

The one-dimensional Ji-.J2 g-state Potts model is solved exactly for arbitrary g by introducing the maximally
symmetric subspace (MSS) method to analytically block diagonalize the q2 b3 q““ transfer matrix to a simple
2 x 2 matrix, based on using OpenAT’s latest reasoning model 03-mini-high to exactly solve the ¢ = 3
case. It is found that the model can be mapped to the 1D g-state Potts model with J> acting as the nearest-
neighbor interaction and Ji as an effective magnetic field, extending the previous proof for ¢ = 2, i.e., the Ising
model. The exact results provide insights to outstanding physical problems such as the stacking of almmc or

electronic orders in layered materials and the formation of a T..-dome-shaped ph: £

seen in

superconductors. This work is anticipated to fuel both the research in one-dimensional frustrated magnets for
recently discovered finite-temperature application potentials and the fast moving topic area of Al for sciences.

Finding novel phases and phase transitions is a central chal-
lenge in various h fields, includi d d matter
physics, materials science, quantum information, and micro-
electronics [1]. Unusual phases abound in frustrated mag-
nets [2], which are described typically by the Ising model [3]
or the quantum Heisenberg model [4] with competing spin-
spin interactions either in the form of an equilateral triangle
or via petition between the t-neighbor (NN) inter-
acllon J 1 and next-nearest-: ne]ghbor (NNN) interaction Jg [1].

[d Iﬁ ﬂL of stafisgical gﬁ(}:am 3
wlucU BllZ
Ismg m el (g = 2) and can serve as a useful interm

ary to study the transition from discrete (Ising) to continuous
(Heisenberg) symmetry. In particular, the one-dimensional
(1D) Ji-J> Potts model could be relevant to problems rang-
ing from the out-of-plane stacking of atomic or electronic
orders in layered materials, such as charge stripe ordering
in Laj ¢7519.33NiO4 [9], the Star-of-David charge-density
wave in 17-TaS, [10], and spin spiral ordering in the Weyl
semimetal EuAuSb [11], to a time series with multiple choices

at every time step such as table tennis training drill designs.

‘While the J;-J> Ising model and Heisenberg model in one
dimension [12-15] and two dimension [16-18] have been ex-
tensively studied, only the 1D J;-J; Ising model has been
solved exactly by using the transfer matrix method [19]. Ex-
act analytic solutions of the 1D J;-J2 Potts model also re-
main unknown; since the model with ¢ = 3 already exhibits
a distinct ground-state phase behavior from that with ¢ = 2,
i.e., the Ising model (Fig.|2) [11], it is of fundamental impor-
tance to exactly solve the model for arbitrary g. The chal-
lenge arises from rapid increase in the order of the transfer
matrix, which equals ¢%. No wonder a 9 x 9 matrix for g = 3
is already hard to solve analytically and diagonalization of a
(101‘:'1“)2 X (1(]1‘]‘")2 matrix for ¢ = 101" is simply be-
yond reach even numerically. Previous studies remarkably
reduced the task to numerical calculations for an effective
¢ % g matrix in the integer-g formalism of the transfer matrix—
and for an effective 2 x 2 matrix in the continuous-g formal-

ism of the transfer matrix where physics is less transparent—
however, short of analytic exact results [20]. Hence, an in-
tuitive understanding of the rich phase behaviors in the 1D
J1-Jo Potts model is still lacking.

Two recent developments shed light on this long-standing
problem. The first one is the analytic reduction of the 4 x 4
transfer matrix for a decorated Ising ladder to an effective
2 x 2 matrix nsmg symmetry-based b]ock diagonalization,
leading to the di y of spo it perature ul-
tranarrow phase crossover (UN PC), which exponentially ap-
proaches the forbidden finite-temperature phase transition in
1D Ising models [21], and the subsequent discovery of in-
field UNPC driven by exotic ice-fire states [22-24]. These
findings point out the promising potentials of 1D frustrated
magnets in finite-temperature applications; finding exact solu-
tions for 1D frustrated Potts model could define a milestone in
this important new direction. The second development is the
derivation of an elegant equation—that determines the criti-
cal temperature of UNPC in site-decorated Ising models in an
external magnetic field—by OpenAl’s latest reasoning model
©03-mini-high at the first-ever 1000-Scientist Al Jam Ses-
sion [24]. Hence, the author was inspired to prompt this AT
reasoning model progressively to handle the transfer matrix
in the integer-q formalism for the ¢ = 3 case—despite quite
a few errors in AI’s responses—and eventually have found a
symmetry-based block diagonalization that can analytically
reduce the 9 x 9 transfer matrix of the 1D J;-J> three-state
Potts model to an effective 2 x 2 matrix.

For general ¢, the key symmetry is the full permutation
symmetry of the g Potts states. In other words, the Hamil-
tonian (and therefore the transfer matrix in the integer-g for-
malism) is invariant under any permutation of the labels
{1,2,3,...,q}; its symmetry group is S,. Although the Al
failed to go further but warned that the number of permuta-
tions increases dramatically as ¢ increases, the exact results
for the ¢ = 2 and 3 cases—especially the point that both ar-
rive at an effective 2 x 2 matrix—stimulated the author to re-
alize that since only the largest eigenvalue (A) of the transfer
matrix matters in the thermodynamic limit, the task is reduced

...b

D

SCIENTIST Al JAM

onne &

NATIONAL LABORATORY



06 Inference: Framework

Goal: A high performance,
reliable inference service

wlnference frameworkleployed on ALCF
systemgSophia, Polaris, and Aurora)

wLlLeverages Globusuth andGlobus
Compute FuncXfor authenticationand
remote job submission

wAllows researchers to run parallel
Inference workloads (RAW)th an
OpenAlcompliant API on private, secure
compute environments

wSupports a variety of models and
multiple inference backendsl(LM¢
single turn SGLang multi-turns),

wSupports interactive and batch modes
(one inference request at a time via the
APl in a program. Or 1000s (batch
mode).

Access token
Globus AuthJ iR

5.
Posttrain

2.

Data pre

3.
Pretrain

4,
Evaluatio s

CELS VM (Inference API)

Backend
User identity <

Reverse proxy

C Globus Compute J

Sophla

HI STRAL

Job scheduler

Authentication

Allows authorized
users to interact with
inference service.

Django Portal
Provides API
access to running
vLLM endpoints.

Endpoints

Multiple pre-registered
endpoints owned by a
service account.

GPU Nodes
Compute resources
running vLLM + Ray
with various models.
Elastic based on
requested model.



INTERFACING WITH THE INFERENCE SERVICE

OpenAl API (including batch)

"usage": {
"prompt_tokens": 43,
"total_tokens": 436,
"completion_tokens": 393,

https://docs.alcf.anl.gov/services/inference-endpoints
{

cURL Python (OpenAl SDK)

#! /bin/bash

# Get your access token
access_token=$(python inference_auth_token.py get_access_token)

curl -X POST "https://inference-api.alcf.anl.gov/resource_server/sophid
-H "Authorization: Bearer S${access_token}" \
-H "Content-Type: application/json" \
-d '{
"model”: "meta-llama/Meta-Llama-3.1-8B-Instruct”,
"messages”:[{"role": "user", "content": "Explain quantum cg

\
APl Usage Examples

Querying Endpoint Status

‘ 6 Querying Endpoint Status

Chat Completions

‘ ° Chat Completions

Argonne National Laboratory is a

P

U.5. DEFARTMENT

; "prompt_tokens_details": null
"id": “"chatcmpl-68de443dde8b46659b4c34

"object": "chat.completion",
"created": 1755114580,

}
"prompt_logprobs": null,

"model": "meta-llama/Meta-Llama-3.1-8B "kv transfer params": nu11,
“"choices": [ - i
{ "response_time": 3.179178237915039,
"index": @, "throughput_tokens_per_second": 137.14235798428732
"message": {
"role": "assistant",
"content": "Quantum computing is a new way of processing information that's

different from the way regular computers work. Here's a simplified explanation:\n\n¥xRegul
ar Computers:xk\n\nRegular computers use \"bits\" to store and process information. Bits ar
e like light switches that can be either ON (1) or OFF (@). When you combine these bits, yo
u get numbers, letters, and other data.\n\nkkQuantum Computers:*k\n\nQuantum computers use

\"qubits\" (quantum bits) to store and process information. Qubits are special because they
can be both ON and OFF at the same time, which is called a \"superposition.\" This means a
qubit can process multiple possibilities simultaneously, making it much faster than regula
r computers for certain tasks.\n\nkxkxAnother Key Concept: Entanglementxx\n\nQubits can also

be \"entangled,\" which means that when something happens to one qubit, it instantly affect
s the other qubits, no matter how far apart they are. This allows quantum computers to perf
orm calculations on multiple qubits simultaneously, making them incredibly powerful.\n\nxxH
ow Quantum Computing Works:**\n\nImagine you have a combination lock with 1@ numbers. A reg
ular computer would try each number one by one, taking a long time to find the correct comb
ination. A quantum computer, on the other hand, can try all 10 numbers simultaneously, than
ks to the power of qubits and entanglement. This makes quantum computing incredibly fast fo
r certain tasks, such as:\n\nl. xxCryptography:*x Breaking complex codes and encryption met
hods.\n2. **Optimization:** Finding the best solution for complex problems, like logistics
and supply chain management.\n3. **Simulation:**x Simulating complex systems, like weather p
atterns and molecular interactions.\n\nkx*Challenges and Limitations:xx\n\nQuantum computing
is still a developing field, and there are many challenges to overcome, such as:\n\nl. *xE
rror correction:*x Qubits are prone to errors, which can affect the accuracy of calculation
s.\n2. *xScalability:** Currently, quantum computers are small and can only perform a limit
ed number of calculations.\n3. *x*Noise:** Quantum computers are sensitive to external noise
, which can disrupt calculations.\n\n*xxConclusion:**\n\nQuantum computing is a revolutionar
y technology that has the potential to solve complex problems that are currently unsolvable
or take too long to solve with regular computers. While it's still in its early stages, re
searchers and companies are working to overcome the challenges and limitations, and we can
expect to see significant advancements in the coming years.",
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INTERFACING WITH THE INFERENCE SERVICE

Open WebUI interface
https://inference.alcf.anl.gov

Argonne_ ‘ ALCF Powered by Open WebUI and Globus

= openai/gpt-0ss-120b v + ==

Set as default

&N openai/gpt-o0ss-120b

Can you explain what a gravitational wave is?

+ Code Interpreter $ o

ALCF Inference Service (Open WebUI) - v0.6.15

#5™ U.s. DEPARTMENT Argonne National Laboratary is a °
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INTERFACING WITH THE INFERENCE SERVICE

Open WebUI interface
https://inference.alcf.anl.gov

= openai/gpt-0ss-120b v +

Set as default

&N openai/gpt-0ss-120

Can you explain what a gravitational wave is?

+ Code Interpreter

ALCF Inference Service (Open WebUI) - v0.6.15

Powered by Open WebUI and Globus

nnnnnnnnn

= @ openai/gpt-0ss-120b v + e 2

2. How Gravitational Waves Are Produced
Gravitational waves are generated whenever mass-energy accelerates asymmetrically. The strongest
astrophysical sources are:

SOURCE TYPICAL FREQUENCY (HZ) TYPICAL STRAIN (H) AT EARTH

Binary Black Hole (BH-BH) Merger 10-500 1072 -10722

Binary Neutron Star (NS-NS) Merger 10-2000 1072 =10~

Supernova Core Collapse ~100-1000 102 - 10"

Rapidly Rotating Neutron Stars (mountains) ~10-1000 10726 - 1072

Stochastic Background (early universe) 10° -102 Extremely tiny, model-dependent
Key points:

Quadrupole Moment: The dominant contribution to gravitational radiation comes from the second time
derivative of the mass quadrupole moment Qij. A changing monopole (total mass) or dipole (center-of-mass
motion) does not radiate in GR.

Energy Loss: As a system radiates, it loses orbital energy, causing binary components to spiral inward (the
“chirp" observed by detectors).

3. What a Gravitational Wave Does to Space

When a GW passes, it stretches space in one direction while compressing it in the perpendicular direction,
then swaps the roles as the wave oscillates. For a wave traveling along the z-axis, the metric perturbationin TT
(transverse-traceless) gauge looks like:

ds? = —c*dt* + [1 + by (t — 2z | '|da® + [1 — hy (¢ — 2/c)|dy* + d2?,

R R = R R P B B B R B R B e e e = =

+ Code Interpreter \!, e
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SYST E M CO M PO N E NTS (tGlobus Authj AcceSSt Okei

A Globus Auth : Enterprise-grade authentication and
authorization service (OAuth2/OpenlD) VM (Inference API)

Backend Reverse proxy

A API Gateway : Django-Ninja async, OpenAl- Usecr,;';j(e;:ﬁty — @
compliant APl handling, authorization and request -—

routing, Postgres DB, monitoring

A Globus Compute : Orchestration and remote | C Slabes °°"‘p“te )
execution framework on HPC clusters Sophla / /

20+ models

Job scheduler

\

A Compute Resources : Compute nodes with GPUs
on the ALCF Sophia clustel

A Inference Backend : High-performance inference
servers (e.g., vVLLM) for model serving; model
weights downloaded and stored on HPC cluster

& 7/LLM oS> RAY W,

Documentation : https://docs.alcf.anl.gov/services/inference-endpoints/

ff’l"%t U.5. DEPARTMENT  Argonne National Laboratory is a
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https://docs.alcf.anl.gov/services/inference-endpoints/
https://docs.alcf.anl.gov/services/inference-endpoints/
https://docs.alcf.anl.gov/services/inference-endpoints/

GLOBUS AUTH & globus

—> 1100+ identity providers

L L Log in
A Authentication and authorization . _
platform (OAuth2/OpenID compliant) Use your organizational login erence senvice
e.g., university, national lab, facility, project cu rrently on ly Opened
A to ANL and ALCF
A Federated identity provider integrating 23 | #rgome e oborer )
with different institutions worldwide e
AFrom a user &s perspectl\m Argonne &
Globus uses ClLogon to enable NATIONAL LABORATORY
A GIObUS AUth generateS a. tOken @H organization. By cgl]icking Contin
. ClLogon privacy policy and you You have been redirected to this site by National Center
A The tOken IS passed to our username, email address, and 3 for Supercomputing Applications . Please log in to
1 . obus. You also agree for d continue.
inference service as an API key et o Lot o act oy

client = OpenAI(
api_key=access_token,
base_url="https://inference-api.alcf.anl.gov/resource_server/sophia/v1llm/v1"

response = client.chat.completions.create(
model="meta-1lama/Meta-Llama-3.1-8B-Instruct"”,
messages=[{"role": "user", "content": "What are the symptoms of diabetes?"}]

)

| ogi n

Default Login

page

Integrated Login Certificate Login

I"V,t U.5. DEPARTMENT  Argonne National Laboratory is a
g @ U5, Department of Energy laboratory
haeld of ENERGY managed by UChicags Argonne, LLC.

nnnnnnnnnnnnnnnnnn



GLOBUS COMPUTE

Globus Compute can trigger remote analysis on HPC systems from anywhere in the world.
Endpoints deployed on login nodes submit jobs to the scheduler to execute Python
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