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Introduction

ÅAuroraGPTis an internal LDRD-funded project at Argonne
Å(Named after the exascale system at Argonne that is being used for much 

of the research)

ÅLeverage DOE supercomputing resources to develop and enhance 
understanding of powerful foundation models (FMs) for science
ÅCreate and evaluate a series of increasingly powerful FMs, each 

with more parameters and/or trained on more data than those 
preceding it
ÅGoal is to build a large multimodal model capable of scientific 

reasoning that is causally aware and can generate novel insights
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AuroraGPT
Explore pathways towards a 
ά{ŎƛŜƴǘƛŦƛŎ !ǎǎƛǎǘŀƴǘέ ǇƻǿŜǊŜŘ ōȅ 
Aurora supercomputer:

ÅAssemble high-quality scientific 
datasets for scientific FM training

ÅAdapt FM development methods 
to meet specialized needs of 
scientific FMs

ÅAssemble high-quality 
benchmarksto provide objective 
yardsticks for progress

ÅApply and evaluate methods in 
areas important for DOE science

AuroraGPT project groups:

Å01 Planning

Å02 Data

Å03 Model training (pre-training)

Å04 Evaluation (skills, trustworthiness, safety)

Å05 Post-training (fine tuning, alignment)

Å06 Inference 

Å07 Distribution 

Å08 Communication

2. 
Data prep

3. 
Pre-train

5. 
Post-train

6. 
Inference

4. 
Evaluation



AuroraGPT activities

2. 
Data prep

3. 
Pre-train

5. 
Post-train

6. 
Inference

4. 
Evaluation

ÅLarge datasets of scientific text

ÅHigh-performance document parsing and 
de-deduplication pipelines

ÅSynthetic data generation methods

ÅScalable pre-training pipelines 
for Polaris and Aurora

ÅModels trained with standard 
and enhanced datasets

Post-training models adapted to meet 
specialized needs of science FMs

ÅAcquire and deploy wide variety 
of evaluation suites

ÅNew evaluation methods 
specialized for science FMs

Scalable inference 
methods for use on 
ALCF and other 
supercomputers



Intended outcomes

ÅDatasets and data pipelines for preparing Science training data

ÅSoftware infrastructure and workflows to train, evaluate, and deploy LLMs 
at scale for scientific research purposes

ÅEvaluation of state-of-the-art LLM models to determine where they fall 
short in deep scientific tasks and where deep data may have an impact

ÅAssessment of the value of augmenting web training data with two forms of 
science-specific data
ÅFull-text scientific papers
ÅStructured scientific datasets (suitably mapped to narrative form)

ÅResearch grade artifacts (models) for scientific community and adaptation 
for downstream uses

ÅPromotion of responsible AI best practices, where we can figure them out

ÅInternational collaborations around the long-term goal of AI for science 
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02 Data

Data Collection
ÅGeneric data (Dolma, 2T tokens) 
ÅScientific papers (~100 Millions), Respect copyright (e.g. ACM Digital Library)
ÅScientific data (x Exabytes)

Scientific Data Adaptation

ÅConversion PDF into text (math formula, figures) + Convert science information (data) to text (narrative) 

ÅDe-duplication (syntactic and semantic) of x100B of scientific documents (to avoid memorization, bias)

Data Quality

ÅPeer-reviewed papers as much as possible, but also preprints: arXiv, bioRxiv, ChemRxiv, etc.

ÅScientific data from trusted sources (e.g. DOE facilities)

Data Domains

ÅAll scientific domains, starting with Material, Physics, Biology, Computer Science, Chemistry, etc.

Goal: Assemble a large corpus of documents (general and scientific) 
and scientific data for AuroraGPT model training, fine-tuning, reasoning

2. 
Data prep

3. 
Pre-train

5. 
Post-train

6. 
Inference

4. 
Evaluation



Dataset Format Size

RP1
JSONL (general web 

text) ~3TB

RP2
JSONL (general web 

text) ~5TB

DOECode Code (DOE only) 9GB

PILE JSONL (2/3 general) 825GB

StackCode Parquet (code) 783GB

Dolma JSONL 5TB
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Dataset Format Size

CORE

Full text collection of 
scientific papers >2TB

peS2o

Jsonl (40M open 

access academic 

papers) 259GB

PMC-OA markdown+pdf 202GB

Arxiv pdf+figures 2.2TB

Biorxiv xml+pdf+figures 9.7TB

Medrxiv xml+pdf+figures 542GB

chemrxiv pdf

ACM XML 16GB

NIH_LITARCH xml+pdf+figures 153GB

Credit: Data  team

02 Data: Collection (partial)

Dataset Format Size

PubChem Compound json

PubChem Compound 

(no description) json

PubChem Gene json

PubChem Pathway json

UniProt TrEMBL json

UniProt uniref100 json

Åaŀƴȅ ŘƻŎǳƳŜƴǘǎ Ҧ {ŎŀƭƛƴƎ ǇŀǊǎƛƴƎ ƛǎ ƴŜŜŘŜŘ
Å{ƛƎƴƛŦƛŎŀƴǘ ƻǾŜǊƭŀǇ Ҧ 5Ŝ-duplication is important
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02 Data: AdaParse: An Adaptive parallel PDF parsing and resource 
scaling engine

ǒ PDFs vary greatly in their complexity; parsers vary greatly in cost and per-doc accuracy
ǒ Hence: Estimate per-doc complexity, choose parser(s) to meet accuracy-cost target

Ҧ AdaParse: An Adaptive Parallel PDF Parsing and Resource Scaling Engine, Carlo Siebenschuh, Kyle Hippe, Ozan Gokdemir, Alexander 
Brace, Arham Mushtaq Khan, Khalid Hossain, Yadu Babuji, Nicholas Chia, Venkatram Vishwanath, Arvind Ramanathan, Rick L. Stevens, Ian 
Foster, Robert Underwood, MLSYS 2025.

(FT): FastText word embeddings

(LLM): use SciBERT

BLEU computed from papers (ground truth) using HTML 
versions made available by the publishers for about 10k PDFs

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

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 Data: LSHBloom: Memory-efficient, extreme-scale 
document deduplication
ǒ We may have 100Ms or Billions of documents from many sources
ǒ IƛƎƘ ŘŜƎǊŜŜǎ ƻŦ άŘǳǇƭƛŎŀǘƛƻƴέ όƴƻǘ ƴŜŎŜǎǎŀǊƛƭȅ ōƛǘ-for-bit) across sources
ǒ De-duplication important for model quality, training costs 
ǒ SOTA MinHashLSH does not scale to 100Ms of docs
        Ą LSHBloom replaces expensive LSHIndex with lightweight Bloom filters

https://arxiv.org/abs/
2411.04257 

270% faster than 
MinhashLSH, 
while maintaining 
F1 score
Far faster than



02 Data: Scientific Data Transformation Raw to Narrative
LLMs need text as inputs (until we figure-out direct tokenization of scientific data):
Å¢ǊŀƴǎŦƻǊƳŀǘƛƻƴ ƻŦ ǎŎƛŜƴǘƛŦƛŎ Ǌŀǿ Řŀǘŀ ƛƴǘƻ άƴŀǊǊŀǘƛǾŜǎέ Ą textual expression of the raw data 

Simple templating or dumps of data 
from the database Ą very high 
levels of duplication leading to 
memorization
ÅNeed to give LLM clear guidance: 

e.g. Prioritize ensuring the 
factual integrity of summary by 
drawing heavily upon the record 
for information. 

ÅNeed to take into account 
perspectives: for what purpose 
the dataset has been generated 
(e.g. virologist vs a geneticist )

ÅAsk LLMs to consider all fields (if 
not LLMs tends to ignore fields)



03 Model training (pre-training)

Goal: Solid Pre-training infrastructure, exploiting  
Aurora capabilities to maximize performance

ÅOn Polaris (Nvidia) and Aurora (Intel)

ÅMegatron + DeepSpeed on Polaris. Adapted for Aurora (Intel GPUs)

ÅChallenge (parallel computing): identify right level of data/model/pipeline/tensor 
parallelism for Aurora

ÅGradually increase from 7B, 70B, etc.

ÅCapture checkpoints

ÅChallenge (parallel computing): low overhead parallel checkpointing

ÅCapture loss curves and scaling data

ÅDetect/Handle spikes in loss, and monitor perplexity when training large models

ÅChallenge: automatically detect spikes and identify checkpoint to restart from to avoid

2. 
Data prep

3. 
Pre-train

5. 
Post-train

6. 
Inference

4. 
Evaluation



05 Post-Training

Evaluation/comparison of 
Llama 7B fine-tuned (used 
a collection of Instruction-

tuning datasets 
UltraFeedback, hh-rlhf ): 
Verbal ability, reasoning, 
truthfulness, math, and 

code generation
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Credit: Post-training  team.

Goal: Post-pre-training workflow optimized for science tasks

Å Implement post training workflow for snapshots from AuroraGPT pre-training runs

Å Include Chat fine-tuning and alignment focusing on Math and Coding

ÅChat Supervised Fine Tuning (SFT) and Instruct SFT

ÅAlignment (truthfulness, safety): Based on RLHF (Reinforcement Learning From Human 
Feedback): DPO (Direct Preference Optimization), KTO (Binary signal: is the model 
output desirableor undesirable)

Å Challenge: need to collect more scientific conversations (1000 Scientists Jam will help)

2. 
Data prep

3. 
Pre-train

5. 
Post-train

6. 
Inference

4. 
Evaluation

UltraInteract: large-scale, high-quality alignment dataset designed for complex reasoning tasks.



03 Pre-training to 04 Post Pre-training (fine-tuning)

Fine tuned
 to produce



04 Evaluation 
Goal: Comprehensive evaluation infrastructure for 
           LLMs as scientific assistants

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

safety for users and community
Å Compare with AuroraGPT trained with 100M+ scientific papers + data

Establish a methodology:

ÅStandard frameworks and benchmarks: EleutherAI Harness, HELM, SkillMix, FLASK (alignment)

ÅSafety benchmarks (Trustworthiness, Safety): DecodingTrust, TrustLLM, WMDP

ÅExisting domain-specific benchmarks in Chemistry, Physics, Climate, Biology, etc.

ÅCreate scientific benchmarks (uncovered domains, new benchmarking approaches, etc.)

ÅCreate new evaluation techniques if needed.

2. 
Data prep

3. 
Pre-train

5. 
Post-train

6. 
Inference

4. 
Evaluation



EAIRA: Multi-faceted eval methodology
New New

End-to-End

In the Wild

4 complementary evaluation techniques to comprehensively 
assess the capabilities of LLMs as scientific assistants.

EAIRA: A Methodology for Evaluating AI Models as Scientific Research Assistants, https://arxiv.org/pdf/2502.20309.

(Prior work by others, Prior work by authors, New work)

https://arxiv.org/pdf/2502.20309


MCQ Benchmark: ASTRO
Å 4425 Automatically generated MCQs 
Å From 885 articles in Annual Review of Astronomy and 

Astrophysics, 1963 to 2023.

Å Instructed Gemini-1.5-Pro to propose 5 questions that can 
ōŜ ŀƴǎǿŜǊŜŘ ōŀǎŜŘ ƻƴ ǘƘŜ ǇŀǇŜǊΩǎ ŎƻƴǘŜƴǘΦ 

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

Å Robustness considerations added to the prompt generating 
the questions. 

Å 200 MCQs were manually validated

17

Some take aways:
Å Claude 3.5 Sonnet best (no O1 test)
Å Llama-3-70B on par with GPT4o
Å Published in July 2024 on arXiv (journal: 2025)
Å Benchmark almost/probably saturated

Y.-S. Ting, et al.i, AstroMLab 1: Who wins astronomy jeopardy!? 
Astronomy and Computing, Volume 51, 2025,



Open Response Benchmark: SciCode (integrated into the methodology)

Scientist-curated code generation benchmark (mathematics, physics, chemistry, biology, materials science)

80 main problems (numerical methods, simulation of systems), 

decomposed into 338 subproblems. 
The problems naturally factorize into 
multiple subproblems, each involving 
knowledge recall, reasoning, code 
synthesis.

To solve a main problem, LLMs must 
implement multiple Python functions 
for each subproblem and integrate 
them into a comprehensive solution. 

SciCode provides gold-standard 
solutions and multiple test cases for 
reliable automatic evaluation. 

Problems are very challenging: inspired 
from Nobel prize level problems.

Minyang Tian, SciCode: A Research Coding Benchmark Curated by Scientists, arXiv: 

arXiv:2407.13168

https://arxiv.org/abs/2407.13168


End-to-End Eval: 1000 1,500 Scientists AI JAM 
in 9 Labs Simultaneously (Feb.28, 2025)

Argonne Berkeley

Researcher participation and contributions on a voluntary basis.



Total:
2800+ problems
15000+ assessed prompt 
responses

Argonne:
720 problems
2500 prompts

1,000 Scientists Jam Session: 
In numbers Researcher participation and contributions on a voluntary basis.



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

participation and 

contribution on a 

voluntary basis.

Goals: 

Å Give Lab researchers an opportunity to test the best available LLMs

Å Build a large corpus of interactions between researchers and AI models 

Å Will help Labs understand how researchers will use reasoning models LLMs for Science Ą 

How AImodels may accelerate discoveries

Å Will help AI labs (OpenAI, Anthropic) to improve their model Ą to improve our research

Rules:

Å Explore advancedAImodels on challenging scientific problems, 

Å Better understand the potential impact ofAIreasoning models on national security and science,

Å In-person event hosted at Argonne, Berkeley, Brookhaven, Idaho, Livermore, Los Alamos, Oak Ridge, Pacific 

Northwest, and Princeton Plasma Physics national laboratories. Scientists from otherDOElabs are also 

participating,

Å Explore models from OpenAI (o1-pro, o1-deepresearch, o3-mini-high) and Anthropic (Claude 3.7 extended), 

Å OpenAI people in the rooms.



1,000 S AI JAM: Domains (Partial)
Å Literature search, analysis, survey
Å Data analysis and forecast, interpolation, extrapolation, 

classification (Point Cloud, signal, protein sequences, files, etc.)
Å Anomaly detection
Å Signal Analysis
Å Scientific Visualization

Å Algorithm design/optimization
Å Automatic code generation/refactoring
Å Code translation
Å Debugging codes (sequential, parallel)
Å Automatic code performance tuning/optimization
Å Identifying performance bottlenecks

Å Automatic tuning of instruments
Å Experimental Design (including autonomous workflow)
Å Dark mater experiment design

Å Understanding mechanisms of Cancer
Å Understanding radiation effects on human cells
Å Predictive Genomic Models

Å Domain specific LLMs/Agents (use LLMs 
as foundation models)

Å Hyper parameter exploration for DL 
training.

Å Battery design
Å Chemical Mechanisms
Å Physics beyond standard model

Å Infrastructure modeling and resilience
Å Natural Disaster assessment

Å Surrogate model
Å Mathematical derivations
Å PDE solving
Å Convergence proving
Å Equation validity testing
Å Derivative analysis
Å Uncertainty estimation
Å Inverse problems
Å Statistical modeling
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Researcher participation and contributions on a voluntary basis.



1,000 Scientists AI JAM: Not just for fun

Statistical mechanics model of interactions between theq-
state spins on a lattice (discrete degrees of freedom 
arranged in a regular spatial structure) leading to a 
situation where not all interactions can be simultaneously 
satisfied, resulting in a "frustrated" system with potentially 
complex behavior. (application in crystallography, 
percolation, andbiological systems)

άŘŜǊƛǾŀǘƛƻƴ ƻŦ ŀƴ ŜƭŜƎŀƴǘ Ŝǉǳŀǘƛƻƴ Χ ōȅ hǇŜƴ!LΩǎ 
latest reasoning model o3-mini-high (never been 
solved before) at the first-ever 1000-Scientist AI Jam 
Session. Hence, the author was inspired to prompt this AI 
reasoning model progressively Χ despite quite a few errors 
ƛƴ !LΩǎ ǊŜǎǇƻƴǎŜǎΦέ

Brookhaven National Laboratory 

https:// arxiv.org/pdf/2503.23758

Researcher ς Reasoning LLM collaboration



06 Inference: Framework
Goal: A high performance, 
reliable inference service

ωInference framework deployed on ALCF 
systems (Sophia, Polaris, and Aurora)

ωLeverages Globus Auth and Globus 
Compute (FuncX) for authentication and 
remote job submission

ωAllows researchers to run parallel 
inference workloads (RAY) with an 
OpenAI-compliant API on private, secure 
compute environments

ωSupports a variety of models and 
multiple inference backends (vLLM ς 
single turn, SGLang ς multi-turns),

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

2. 
Data prep

3. 
Pre-train

5. 
Post-train

6. 
Inference

4. 
Evaluation



INTERFACING WITH THE INFERENCE SERVICE

OpenAI API (including batch)
https://docs.alcf.anl.gov/services/inference-endpoints



INTERFACING WITH THE INFERENCE SERVICE

Open WebUI interface

https://inference.alcf.anl.gov



INTERFACING WITH THE INFERENCE SERVICE

Open WebUI interface

https://inference.alcf.anl.gov



NVIDIA GB200

SambaNova  SN40L Cerebras  CS-3

Sophia (A100)

ALCF IS DEPLOYING DIVERSE INFERENCE SYSTEMS FOR SCIENCE



SYSTEM COMPONENTS

ÅGlobus Auth : Enterprise-grade authentication and 

authorization service (OAuth2/OpenID)

ÅAPI Gateway : Django-Ninja async, OpenAI-

compliant API handling, authorization and request 

routing, Postgres DB, monitoring

ÅGlobus Compute : Orchestration and remote

execution framework on HPC clusters

ÅCompute Resources : Compute nodes with GPUs 

on the ALCF Sophia cluster (more comingé)

ÅInference Backend : High-performance inference 

servers (e.g., vLLM) for model serving; model 

weights downloaded and stored on HPC cluster

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

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

Redirect to the 

selected identity 

providerôs login page

ÅAuthentication and authorization 

platform (OAuth2/OpenID compliant)

ÅFederated identity provider integrating 

with different institutions worldwide

ÅFrom a userôs perspective:

ÅGlobus Auth generates a token

ÅThe token is passed to our 

inference service as an API key

1100+ identity providers

Inference service 

currently only opened

to ANL and ALCF



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 functions.


