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Large Languages Models (LLMs) Progress/4-5 years

Large Language Models (LLMs) have
progressed drastically in the past 4-5 years

(GPT3 released in 2020) B gpt4o W olimprovement
PhD-Level Science Questions
OpenAl’s GPT4o (OpenAl 2024), Google’s ML Benchmarks < (GPQA Diamond) >

Gemini (Gemini 2024), and Anthropic’s 94.8 Chemistry
Claude (Anthropic 2024) are excelling in text Mat

Based on or adapted from classical test theory (CTT) in psychometrics

ista (testmini)

Physics 92.8

processing: summarization, information MNIMLval)
. . . e . Biol
extraction, translation, and classification. MMLU s |53 R |
( 100 100
Until recently (September 2024), Model pass@1 accuracy pass@1 accuracy
performance (accuracy) progressed by Exams MMLU Categories
increasing the size of the qugl and AP English Lang Global Facte
increasing the size of the training sets: _ ,
ir. AP Physics 2 College Chemistry
Trillions params/tokens
AP English Lit College Mathematics
On Sep. 12, 2024 OpenAl released O1- LSAT Professional Law
preview: trained for reasoning. Chain-of- AP Calculus Public Relations
thoughts + Reinforcement Learning during AP Chemistry Econommatiics
training. Internal chain-of-thoughts during SAT EBRW Formal Logic
inference. : . . : l : : . : .
0 20 40 60 80 100 0 20 40 60 80 100
- Greatly changed perception of what LLLs percent raw score pass@1 accuracy
may be able to accomplish in the near https://sebastian-petrus.medium.com/openais-o1-mini-vs-o1-preview-a-comprehensive-comparison-b5d7b148dbda

future. Argonne &
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The Power of Hybrid: LLM + Tool (e.g. Symbolic Engine)

AphaGeometry2: Gemini for translation (natural language to AG2 DSL) + Database of Arithmetic Reasoning

following a fixed set of deduction rules.

2024: Google AphaGeometry2 reaches
silver medal level on International
Mathematics Olympiad

Top is 50
42 | TOTAL

40 AlphaProof: pre-trained language model + 40
AlphaZero reinforcement learning algorithm

%thaGeometry 2: neuro-symbolic hybrid

30

. (ored
~|Feb. 5, 2025:
| Alphageometry?2

reaches now
average gold medal

Our system
' ) Human participant rank )
https://deepm|nd.google/dlscover/blog./a|—solves-|mo-problems—at—5|Iver-medaI-IeveI/
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IMOSL 2009 G7: Let ABC be a triangle with incenter 1and let
X, Yand Z be the incenters of the triangles BIc, ciAand AIB,
respectively. Let the triangle XYz be equilateral. Prove that

ABC is equilateral too. (incenter: intersection of the angle
bisectors)

https://arxiv.org/pdf/2502.03544
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Fantastic Progress: e.g. Google at IMO 2025

https://deepmind.google/discover/blog/advanced-version-of-gemini-with-deep-think-
officially-achieves-gold-medal-standard-at-the-international-mathematical-olympiad/

Advanced version of Gemini with Deep Think officially achieves
gold-medal standard at IMO

IMO :Mathematicians compete to solve six exceptionally difficult
problems in algebra, combinatorics, geometry, and number theory.
8% of contestants receiving a gold medal.

Results officially certified by IMO coordinators using the same
criteria as for student solutions.

The advanced Gemini model operated end-to-end in natural
language, producing rigorous mathematical proofs directly from the
official problem descriptions — all within the 4.5-hour competition
time limit.

Advanced version of Gemini Deep Think:

* Enhanced reasoning mode for complex problems that incorporates parallel
thinking (combine multiple possible solutions before giving a final answer)

* Trained on novel reinforcement learning techniques that can leverage more
multi-step reasoning, problem-solving and theorem-proving data

* Access to a curated corpus of high-quality solutions to math problems,

* Added some general hints and tips on how to approach IMO problems

Gemini Deep Think for International Mathematical Olympiad 2025

Problem 1

A line in the plane is called sunny if it is not parallel to any of the z-axis, the y-axis,
and the line z +y = 0.

Let n > 3 be a given integer. Determine all nonnegative integers k such that there
exist n distinct lines in the plane satisfying both of the following;:

e for all positive integers a and b with a + b < n + 1, the point (a,b) is on at
least one of the lines; and

e exactly k of the n lines are sunny.
& J

Let n > 3 be a given integer. We want to determine all nonnegative integers k such
that there exist n distinct lines in the plane that cover the set of points P, = {(a,b) €
ZT xZ' :a+b < n+ 1}, and exactly k of these lines are sunny. A line is sunny if it is
not parallel to the z-axis (Horizontal, H), the y-axis (Vertical, V), or the line z +y =0
(Diagonal, D, slope —1). Lines of these three types are called shady.

We will show that the possible values for k are {0, 1, 3}.

The proof relies on reducing the problem to the specific case where n = k and all lines
must be sunny. Let C(k) be the assertion that Py can be covered by k distinct sunny
lines. We define Py = {).

1. The Reduction Principle

Let £ be a set of n distinct lines covering P,,. Let k be the number of sunny lines. Let
Ny, Ng, Np be the number of V, H, D lines in £, respectively. Then Ny + Ny + Np =
n —k.

Lemma 1 (Structural Lemma). The Ny vertical lines in £ must be {z =1,...,z =
LY | Mha AT - hawimantal Tivan vmaand ba (a0 1 A — AT_0 Mha AT Aia~canal Havan

Advance version of Gemini Deep Think model
available to trusted testers, including mathematicians,

before rolling it out to Google Al Ultra subscribers

= NATIONAL LABORATORY

(21 July 2025)
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LLMs in Workflows: AlphaEvolve code optimization

Evolutionary coding agent powered by LLMs for general- (14 May. 2025)
purpose algorithm discovery and optimization. =
AlphaEvolve pairs problem-solving capabilities of Gemini (%) Human defines “What?”
Flash (breadth of generation) + Gemini Pro (depth of sets evaéluatign CTiEerii’ provigis initilaidsoiution
analysis) with automated evaluators and uses an © ° °
evolutionary framework to optimize codes. Problem \ I Improved
AlphaEvolve found better algorithms for: Hypothesis
LLMs generate, . generation
-Data center scheduling
fj‘;‘;'r“;'rzcla;;’s” -Highly optimized arithmetic circuit for matrix multiplication in TPU
. initial progrd ~Flash Attention kernel implementation in Transformer e
» evaluation cd -Matrix Multiplications (improved Strassen algorithm for 4x4)
* and optiona
AlphaEvolve then initiates an evolutionary loop: iﬁrj’?_ra_f’_d_a_tfﬁs_e_i uuuuuuuuuuuuuuuuuuu
*  Prompt sampler uses programs from database to
construct rich prompts Distributed Controller Loop
* LLMs generate code modifications (diffs), which are parent_program, inspirations = database.sample()
. prompt = prompt_sampler.build(parent_program, inspirations)
applled to create new programs. diff = 1lm.generate(prompt)
e Evaluators score the new programs child program = apply diff(parent_program, diff)

. . . . . results = .execute(child_program) °
* Promising solutions are registered into database database.add(child_program, results)



LLMs are Progressing Very Quickly: Humanity Last Exam

Humanity's |
Benchmark:

https://arxiv.
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Big Goal: LLMs as Research Assistants

Scientists assessed LLMs on specific tasks: nozet -

Predict
Uncove
Interpr

Solvin
Creati
simula

-2 Growi

d neéw

are use as scientific research assistants

https://doi.org/10.1
038/s41524-022-

* How do we test their capabilities as
research assistants?

e How can we develop trust in these new
tools (much like scientists develop trust in
telescopes/microscopes/light sources,
etc.)?

AAAAAAAAAAAAAAAAAA
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Accelerating Discovery using Al assistants (with OpenAl levels)

O1-pro, 04, Gemini 2.5, Claude 3.7 2777

Level 2 (reasoning) CODE GENERATION

Level 1 (Language)

GPT40 Web access, DeepResearch
(O3+Web), Perplexity Pro

Agents to sim., xp., obs.
Accelerated

Start here Level 3 (agents

Scientific
Method

taking actions)

> & Question

O1-pro, O3, Gemini 2
Claude 3.7

Level 2 (reasoning)

Level 1 (Language)

GPT4, Clude3, Llama3, Gemini 2, etc.

An ideal research will help in all these steps

https://doi.ore/10.1038/s41524-022-00765-2 Argggggmﬁ
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Characteristics of an “Al scientific assistant” that
we need to/must evaluate

An Al-based system with:
* Scientific skills
* Reasoning, math, literature understanding, integrity
* Effective assistance (no hallucination!, consistency in responses)
* Correct for all different tasks related to scientific activities
* Relevance to human and environment interaction modalities (communication skills)
* Understanding command (semantic of it), interface with tools and devices
 Degree of autonomy
* From repeating learned workflows to developing the workflow.
* Capable of high-quality hypothesis generation
e Safety for the community
* Cannot be used to harm users and others: e.g. design harmful substances



LLMSs for HPC

Paper Main Focus LLM Model Used
LLM4HPC [5] HPC Adaptation LLaMa-2
LLMA4VYV [23] OpenACC Testing GPT-4, CodeLlama
HPC-GPT [11] MAI Model LLaMa-13B

anagement
Tokompiler LLM [18] Code Completion GPT-3
- OpenMP
HPC-Coder [24] & MPI Handling DeepSpeed
Dataset for :
OpenMP Translation [19] Code Translation LLaMa-2
LLMs in HPC [4] LLM-HPC Challenges Various LLMs
Godoy et al. (2023) [13] Kernel Code Generation LLaMa-2
Valero-Lara et al. (2023) [28] | LLaMa-2 Comparison LLaMa-2
Godoy et al. (2024) [14] Code Parallelization GPT-3
o GPT-like
chatHPC [29] HPC Chatbot (based on StarCoder)

N. Noujoud, P. Diehl, S. Brandt, H. Kaiser, LM & HPC:Benchmarking DeepSeek's Performance in
High-Performance Computing Tasks, arXiv 2504.03665, 2025

LLM4HPC [5] for code similarity analysis,
parallelism detection, and OpenMP question-
answering tasks.

LLMA4VV [23] uses the capabilities of GPT-4 and
Codellama (based on Llama-2) to generate
OpenACC directives.

HPC-GPT [11] to manage Al models and datasets,
as well as detecting data races.

[18] introduced the domain-specific Tokompiler
LLM, which outperforms GPT-3-based model in
code completion and semantics for Fortran, C, and
C++ code. HPC-Coder

[24] demonstrates varying success in code
completion, including handling OpenMP pragmas
and MPI calls. Lei et al.

[19] introduced a dataset designed for fine-tuning
models on OpenMP Fortran and C++ code
translation.

[4] provides an insightful overview of the
challenges and opportunities at the intersection of
LLMs and HPC.

Godoy et al. [13] and Valero-Lara et al. [28]
evaluate HPC kernel code generation and results
for LLaMa-2.

Godoy et al. [14] apply LLM capabilities of GPT-3
targeting HPC kernels for code generation, and
auto-parallelization of serial code in C++, Fortran,
Python and Julia. Yin et al.

[29] proposed chatHPC, a chatbot for HPC
guestion answering and script generation. D

TORY



Code Translation with LLMs: OpenMP to Cuda (and vice versa)
LASSI: Context + Prompts + Feedback + [terate  iamissiosimme

Translating Parallel Scientific Codes," in 2024 IEEE
International Conference on Cluster Computing Workshops

(CLUSTER Workshops), Kobe, Japan, 2024,

M. T. Dearing (UIC), Y. Tao (UIC), X. Wu (ANL), Z. Lan (UIC), V. Taylor (ANL)
° System prompt: “You are a professional coding Al assistant that specializes in translating parallelize codes...”
e Static information: curated content from CUDA and OpenMP C++ reference guides for corresponding translation task, Original source code

e Self prompting . LLM generates a summary of the provided programming language domain context. LLM generates a description of the source
code functionality (what the code is supposed to do)

e Code generation instruction: “Think carefully before developing the following code that you describe as [insert LLM-generated code
description]. Now, generate new code to refactor the following parallelized C++ program written with OpenMP (or CUDA program) to instead use
the CUDA framework (or C++ code written with OpenMP directives)...”

* Code correction instruction: “[insert generated code] — The above code was compiled with [insert compile command] and produced the
following compile/execution error: [insert error]. Re-factor the above code with a fix to eliminate the stated error.”

* Stopping condition: When
generated code executes without any * f
error or iterate more than 10 times ves

= e
-_'m”{ Sl }—‘Yes
code code
- | |
) ne &

ONAL LABORATORY




Code Translation with LLMs: OpenMP to Cuda (and vice versa)
Experimental Results: OpenMP to CUDA

Linux Nvidia A100, 40GB memory

GPT ol-preview With Context GPT ol-preview Without Context
Translation | Runtime (s) Ratio Sim-T | Sim-L | Self-corr Runtime (s) Ratio Sim-T | Sim-L | Self-corr
matrix-rotate O —C 0.6083 0.9459 0.25 0.43 0 0.6000 0.9590 0.31 0.65 0
C— O 0.4412 0.9406 0.29 0.63 0 0.4226 (.9820 0.24 0.63 0
jacobi O —C 31.2677 0.0227 0.44 0.44 0 57.1677 0.0124 0.45 0.37 1
C'— 0 21.6338 0.0010 0.33 0.41 0 11.8533 0.0018 0.56 0.54 0
layout O —C 0.1843 1.0054 0.55 0.60 0 0.1835 1.0098 0.56 0.70 0
C'— 0 0.4042 1.0240 0.54 0.60 0 0.4108 1.0075 0.75 0.75 0
atomicCost O —C 32.2503 1.0183 0.54 0.44 0 33.3906 0.9835 0.30 0.21 0
C'— 0 152.2854 1.0608 0.17 0.27 0 138.4531 1.1747 0.69 0.64 0
dense-embedding O —C 0.5645 0.8891 .65 0.63 0 0.5029 0.9980 0.84 0.69 0
C'— 0 2.8428 0.9812 0.64 0.68 0 2.8880 0.9659 0.44 0.58 0
pathfinder O —C 0.3401 1.0682 0.53 0.59 0 0.3418 1.0629 0.48 0.48 0
C'— 0 0.1906 1.1065 0.35 0.29 0 0.1964 1.0738 0.33 0.55 0

M. T. Dearing, Y. Tao, X. Wu, Z. Lan
and V. Taylor, "LASSI: An LLM-
Based Automated Self-Correcting
Pipeline for Translating Parallel
Scientific Codes," in 2024 |IEEE
International Conference on Cluster
Computing Workshops (CLUSTER
Workshops), Kobe, Japan, 2024,

Sim-T: Token similarity: tokenizes both codes and uses a Ratcliff-Obershelp sequence comparison algorithm
SIM-L: Line-based, comparing codes line-by-line by counting identical lines regardless of order

e HeCBench: Open-source
heterogeneous computing
applications in multiple languages
(CUDA, ..., OpenMP)

350 benchmarks; focused on 10

Translated codes that generated same output as source:
100% of OpenMP to CUDA | 100% of CUDA to OpenMP

Most code runtimes performed well (within 10%) or faster than source:
90% of OpenMP to CUDA | 80% of CUDA to OpenMP



However
L LMs are still
struggling
(simple reasoning,
research problems)
and hallucinating

AAAAAAAAAAAAAAAAAA



June 2024: Number of 'r’ in “strawberry”?

Famous error of ChatGPT.

ChatGPT Error »
Haw many T in “strawberry”
ChatGPT

There are two ‘r° characters in the word

‘strawberry’,

i_ _:- You

Check again please

ChatGPT

‘strawberry’

& vou
Are you 100%: sure?

ChatGPT
Yes, |am 1 e, The word

‘strawberry’ contains two 'r' characters,

You
Would you bet a million dollars on this?

ChatGPT

Yes, lwould, The © .d "strawberry”

Some (not all) LLMs still make trivial errors

May 2025: Number of g’ in “strawberry”?
Meta Llama 4: 1, Perplexity: 1

ChatGPT40:0, Claude 3.7 Sonnet:0, Gemini 2.5:0
DeepSeek:0

Okay, let's see. The user is asking how many times the letter 'g' appears in the word
"strawberry". Hmm, first | need to make sure | spell the word correctly. Strawberry is spelled S-
T-R-A-W-B-E-R-R-Y. Let me write that out: S, T, R, A, W, B, E, R, R, Y. Wait, let me count the letters
again to be sure. S (1), T(2), R(3), A(4), W (5), B(6), E(7), R(8), R(9), Y (10). So that's 10 letters.
Now, | need to check each letter to see if it's a 'g'. Let's go through them one by one. The first
letteris S—not a G. Second is T — nope. Third is R — still not. Fourth is A — no. Fifthis W —not a
G. Sixth is B — B is different from G. Seventh is E — no. Eighth is R, ninth is another R, and the last
letteris Y.

Wait, did | miss any letters? Let me check again. S-T-R-A-W-B-E-R-R-Y. No, there's no G in there.
The letters are S, T, R, A, W, B, E, R, R, Y. None of those are G. So the count should be zero.

But maybe the user made a typo? Like, maybe they meant another letter? Or perhaps they
thought there's a G in strawberry? But no, the correct spelling doesn't include a G. So the
answer is zero. | should make sure there's no alternative spelling with a G, but | don't think so.
Strawberry is always spelled without a G. So yeah, the answer is 0.</think>

The letter "g" does not appear in the word "strawberry".

Count: 0.




L Prompt: You are reviewing the response of an LLM. Please check if the response is correct and explain why.

Here is the question submitted to Llama4: how many 'g' in "strawberry"

Here is the response of LLlama4:

There are 2 'r's but also 1 other thing you might be looking for: there are 2 'r's and 1 'g' and 2 'y's aren't in that count
Ju though,
Fa just1'g'.So 1'g’

Perplexity Response:

Let's analyze the situation step by step:

The Question

"how many 'g' in 'strawberry""

This is a straightforward question asking for the number of times the letter 'g' appears in the word "strawberry".
The Llama4 Response

There are 2 'r's but also 1 other thing you might be looking for: there are 2 'r'sand 1 'g' and 2 'y's aren't in that count

though, just1'g'. So1'g’

Evaluation of the Response

1. Accuracy

The word "strawberry" is spelled:strawberry
There is no 'g' in "strawberry".

2. Correctness

Llama4 claims: "just 1'g'. So 1 'g""
This is incorrect. There are zero 'g's in "strawberry".




Reasoning Limitations: ARC-AGI |, Il and Il Benchmarks

Test multi-modal reasoning capabilities https://arcprize.org/leaderboard

Public training set
Public evaluation set
Private evaluation set

ARC-AGI LEADERBQARD

owHaman panel

O3 preview

ARC AGI 1:
800 puzzle-like tasks, designed as grid-
based visual reasoning problems

ARC-AGI-1

SCORE (%)

ARC-AGI-2

ARC AGI 2:
Example: Compositional Reasoning:

® Qwen3-235b-a22b Instruct (25/07)

Tasks requiring
simultaneous
application of a
rules, or
application of
multiples rules
that interact
with each other.

0, L 2L
ro O S pwes
A s A |
$0.10 $1
COST PER TASK (3)

ARC AGI 3 (just previewed), much more
difficult (agentic), requires to play game
and win but must fist discover the goal of
the games and its rules

AAAAAAAAAAAAA
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Open ReSpOnse: TPBench rheoretica Physics Benchmark - a Dataset

(19 Feb 2025)

and Study of Al Reasoning Capabilities in Theoretical Physics": arXiv:2502.15815v1 tpbench.org

e Evaluate LLMs on problems in theoretical
physics (high-energy theory and cosmology).

* Test reasoning rather than recall. Complex
calculations, knowledge from different areas.

* 57 problems: Not sourced from public
collections

* Difficulty 1 to 5: easy undergrad to “research”

Accuracy

IeveI). 0%

* Problems: Well-posed with unambiguous
solutions, original, and
* Final answers as algebraic expressions.

100%

80% 1

60% 1

40%

20%

Model Performance (Average of 5 shots)

97 98
[ Deepseek-R1

B GPT-40 L

ol (high) B 03-mini (high)
76 76 /\
l j rch

?r( bO \\(\\Q- 6@9\("\(\\ \‘0

& 8o \‘\\q 6(,,@‘\(\\&\‘9 e 6(,,e\L (\\\“ \“\q“\
N

?( bO \‘(\\Q- see\’“ (\\Q(\ ?« 8O ((\\Q (’ee\‘ &

1-Easy Undergrad 5-Research

2-Under919dof the %‘?aéb’o@lé?ns are pobﬁéad
Difficulty Level

* Tested: Open and closed-source models like GPT40, 01, 03-mini, DeepSeek-R1, Llama, and Qwen.

* Results: 03-mini series solved about half the advanced graduate problems, most research-level problems
remain unsolved --> limitation of current Al in advanced research tasks.

* Failure Modes: symbolic (algebraic) and logical mistakes. Struggle with self-correction and indicating
uncertainty. Rely more on recall than reasoning from first principles. Hallucinations and asserting claims

without proof were also observed.

= NATIONAL LABORATORY



We Start to Understand the Causes of Hallucinations (4 Sept.2025)
Why Language Models Hallucinate (OpenAl paper): https://arxiv.org/pdf/2509.04664v1

The distribution of language is learned from a corpus of
examples, which contains errors and half-truths.

The paper shows that even for error-free training,
there are 2 main issues are at the origin of
hallucinations:

1) Training data are too sparse, the fact is too
rare, or the distributions overlap (ambiguity)

To show that, Authors reduce the hallucination
detection problem to a classification problem with
guestions of the form:

Is It Valid (l1IV): Yes or No?

If you can’t solve IIV well (because the), then
hallucinations are statistically unavoidable in normal
open response setting.

2) Even for error-free training, the objectives optimized

during training would lead to errors generation.
* Models are primarily evaluated using exams that penalize
uncertainty.
* Example: in MCQ exams, guessing when unsure
maximizes the expected score
-> The root problem is the abundance of evaluations
that are not aligned (not rewarding uncertainty)

Model A is an aligned model that correctly signals uncertainty
and never hallucinates.

Model B similar to A except that it never indicates uncertainty
and always “guesses” when unsure. Model B will outperform A
under 0-1 scoring, the basis of most current benchmarks.

- This creates an “epidemic” of penalizing uncertainty and
abstention

1) Let models abstain when uncertain
‘ 2) Redesign evaluations/leaderboards to reward calibration and penalize hallucination, instead of

rewarding lucky guesses.

Argonne &



2 Main Challenges Before Broader Adoption of

L LMs as Research Assistants

* LLMs/rLLMs/Agents are promising research assistants.

e But they are still making mistakes.

* That’s a problem: Researchers need to understand the limits
and trust their “instruments/tools”.

1) Researchers need a way to evaluate/compare the capabilities of
LLMs in research for the different stages and tasks of the scientific

research process

—> Guide the applications of LLMs and the integration with tools,

—> Provides benchmarks for developers to improve their LLMs

2) As with other research tools and techniques, researchers will
adopt LLMs only if they trust their results

- Need a way to assess the correctness of the produced results, in
order to develop confidence in their use in scientific context.

A comprehensive,
Rigorous,

Accurate,

Transparent and
Community-approved
Evaluation methodology

AAAAAAAAAAAAAAAAAA



State of the Art in
LLMs/LRMs
Fvaluation
IN Sclence
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Evaluation Methodology

Goal of the evaluation: assess the knowledge and skills of LLMs/LRMs

LLMs/LRMs are so complex (number of layers, number of hidden dimensions, number of

parameters, number of training tokens)

= The community consider them as black boxes.

Vector
] Database
O Internal Skills and Knowledge (what we want to evaluate!) (RAG)
O Capture interactions (what users ask the model to perform)
(O Assess Requests to external modules l
O Assess Response
User interactions M LLM/LRM

with the LLM

- LLM/LRM Evaluation uses LLM/LRM dialogic interface

Note: We can monitor and
analyze agents’ interactions
in a Multi-Agents Al, BUT every

agent is a black box

Knowledge,
Skills

Responses to

’ interaction

AAAAAAAAAAAAAAAAAA




Benchmarks: MCQs and Open Responses

 Multi-Choice Questions (MCQs)
e 1 correct response and 3, 4 or more distractors (wrong responses)
e Difficulty:
 Human/Automatic generation is difficult: distractors should not be easy to discard and not
too close to the correct answer (risk of confusion)
* Evaluation is trivial: just compare the model selection with correct response
* Potential biases:
* E.g.Response ordering: 2 The model may choose the first answer more frequently
* Open Responses:
1 question. Model generates 1 response
* Difficulty:
* Generation is trivial: generates a question relative to a domain
* Evaluation is difficult: Requires a human evaluation of the response (= LLM as judge)
— Does not scale well (= LLM as judge)
* Potential biases:

* Room for interpretation: Humans may score differently the same open response = scoring
requires several human evaluation (consensus) Argonne &

AAAAAAAAAAAAAAAAAA



Existing Scientific Domain Specific Benchmarks

Material Science Benchmarks:
. MatSci-NLP: materials science Language Tasks: e.g. Extract summary-level information from materials science text

. MatSciBERT: Text mining and information extraction: Entity recognition, relation classification, abstract classification

Chemistry Benchmarks:

. MOolIT5: Transiation be — — NPRr—
ChemNLP: Libary i ¢ FOCUs on a small subset of tasks

MoleculeNet: z..| ¢ High risk of contamination

e generation.

mmarization

. ChemBench: 7{* = We cannot rely only on existing benchmarks e and graduate levels)

Biology Benchmarks:

. BioGPT: Biomedical NLP tasks, Relation Extraction, Question answering (yes, no, or maybe), Classification,

. BioT5: molecule & Protein Property Prediction, Drug-target & Protein-protein Interaction Prediction, Molecule Captioning
.  ChemProt: Rrelation extraction

. BIOSSES: semantic sentence similarity estimation system. Semantic similarity and reasoning:

. Nucleotide Transformer (NT) Benchmarks: 18 curated downstream prediction tasks

. GUE benchmark: 7 genome sequence classification problems

Climate Benchmarks: ClimaText, ClimateStance, ClimateEng, ClimateFever Argonne &



GPQA: A Graduate-Level Q&A Benchmark (multi-domain)

e Scalable oversight research: Questions near the frontier of human expertise. Experts reach 65%
(only!!)

e Generated manually 480 MCQs (4 possible answers): Molecular Biology (85), Genetics (20), Quantum
Mechanics (64) High- Energy Particle Phy5|cs (46), Phy5|cs (43), Astrophy5|cs (42), EIectromagnetlsm

ana.lhatan at=ll= istic Mechan 3 ical Mechan / andensed Matter Phvsics

g OpenAl 01 obtained 78% accuracy on GPQA diamond* stry
« wmd 2 Very close to human scholars on this benchmark: 81%
I GPQA miss many domains (Climate, Computer Science, Biology, etc.)

@)

qd o . . ween
*Diamond: (1) 2 out of 2 expert validators agree, (2) £ 1 out of 3 non-expert validators answers correctly

@)

Instructed question writers to write difficult questions in their domain of expertise that other experts in the domain will
be able to answer correctly, but that non-experts cannot answer even with the internet

® M CQ examp les: Astrophysics

Astronomers are studying a star with a Teff of approximately 6000 K. They are interested in spectroscopically determining
the surface gravity of the star using spectral lines (EW < 100 mA) of two chemical elements, El1 and El2. Given the
atmospheric temperature of the star, El1 is mostly in the neutral phase, while EI2 is mostly ionized. Which lines are the

GPQA: A Graduate-Level Google-Proof Q&A Benchmark, most sensitive to surface gravity for the astronomers to consider?
David Rein, Betty Li Hou, Asa Cooper Stickland, Jackson A) EI2 T (neutral)

Petty, Richard Yuanzhe Pang, Julien Dirani, Julian ] ..

Michael, Samuel R. Bowman, B) Ell I (s1ng1y ¥0n1.zed)

https://arxiv.org/abs/2311.12022 O) EL2 II (singly ionized)
D) Ell I (neutral)



LLMs are so good, let’s build extremely difficult tests
- But what “difficult” means exactly?

Humanity's Last Exam: Al’'s scores on Humanity’s Last Exam over time

Crowd sourcing,
Multi-modal benchmark,

: 30%
Frontier of human kno - i
] . _ imi-Researcher
Designed as final closg Questions are too convoluted (Gotcha questions: trick the .
ended academic bencll model into failing). Gemini 2.5 Pro
: » 05-06
Broad subject coverag ini 2.5 3. .
[d ~ . E . -
futurehouse.org finds that ~29% of the questions R o4-mini
Criterion of question incl| (text-only biology and chemistry subsets) DeepSeek
Current frontier languagq have answers scientists would likely deem to be incorrect - RI1-0528
cannot answer the questtomns AL 03 mini high
10% OpenAI ol Claude 3.7 Claude.4
) . * DeepSeek R1e * sonnet
2,500 challenging questions, S . Opus
. Claude 3.5 Sonnet eminl Thinking® GPT 4.5 ,
Hundred subjects. 5% . ) DeepSeek V3 0324
GPT-40 Grok-2 |
Publicly release questions, 0% =

Sep Nov

Maintaining a private test set. Apr  Jun Jul

2024

Dec Feb

Mar Apr Jun

2025



ParEval: Can Large Language Models Write Parallel Code?

D

. Nichols, J. H. Davis, Z. Xie , A. Rajaram, A. Bhatele, Can Large Language Models Write Parallel Code? ACM HPDC2024
420 different coding tasks (prompts) related to scientific and parallel computing.

How performant and scalable is the parallel code generated by LLMs?

How well can LLMs translate between execution models?

0 MPI efficiency,@ | Across Process Counts | 0Openl"IP efficiency,@ | Across Thread Counts |
: . : 2
* Authors find that LLMs are significantly worse at generating parallel codes §
than they are at generating serial codes.
® |* LLMs struggle most with MPI coding and sparse, unstructured problems. ~ b
|+ when LLMs generate correct a parallel code, it is often not performant or !
c
2 scalable.
5 |* A recent paper: arXiv 2504.03665, 2025 confirm the difficulty of \ [
generating scalable parallel codes B
T = l,." — *
00 D Rt ek e N S 00
| 2 4 8 16 32 64 128 256 512 | 2 4 8 16 32
Number of Processes Number of Threads
T TOULICT LLaIISIOTTIS.
challenging fOI" LLMSs? Map a constant function to each

Transform
element of an array.

github.com/parallelcodefoundry/ParEval



Gap Analysis

 MCQ Benchmarks are great to assess model knowledge extension

 Open response benchmarks can test reasoning capabilities

* However:
 Existing ones are too generic (multi-domain, not specific to a research problem)
e Static benchmarks saturate quickly (most of all benchmarks are static)

* MCQ and Open response benchmarks cannot be used for end-to-end Evaluation

- We cannot only rely on benchmarking

Missing evaluation technique in real context:

 Benchmarks do not reflect the actual complexity, diversity, level of
details of real-world interactions between researchers and
LLMs/rLLMs

* We need new techniques ~ Argonne &

AAAAAAAAAAAAAAAAAA

Accelerated
Scientific
Method




Establishing a Methodology
to Evaluate L1:Ms/LRMs
as Research. Assistants

|AuroraGPT]

https://arxiv.org/pdf/2502.20309

AAAAAAAAAAAAAAAAAA



AuroraGPT?*:

* General purpose scientific LLM — broadly
trained — general corpora plus scientific
papers and texts and structure science data

* SAFE: Trustworthiness, Safety, Security,
Robustness, Privacy, Machine Ethics

* Explore pathways towards a “Scientific
Assistant” model

* Build with international partners (RIKEN,
BSC, others)

« Multilingual — English, H ZXzZ&, Francais,
Deutsche, Espanol, Italiana
* Multimodal — images, tables, equations,

proofs, time-series, graphs, fields,
sequences, etc.

Aurora is:
166 Racks
10,624 Nodes _
21,248 CPUs
63,744 GPUs
84,992 NICs
8 PB HBM :
10 PB DDR5c

Groups:

e 01 Planning

* 02 Data

* 03 Model training (pre-training)

* 04 Evaluation (skills, trustworthiness,
safety)

e 05 Post-training (fine tuning, alignment)
e 06 Inference (on Aurora)
e 07 Distribution

e 08 Communication

*named after the Leadership Class Supercomputer at Argonne that will be used for much of the training Argonneb

AAAAAAAAAAAAAAAAAA



Evaluation Methodology: What to measure

What to measure:

Knowledge Extraction, Retrieval, Distillation, Synthesis : LLM is provided with a question and a truthful answer is expected
Text grounded: Answer is expected fully grounded on peer reviewed references to support response.

Reasoning: LLM is expected to solve deductive (Prove a theory or hypothesis from formal logic and observations), inductive
(validate/explain observations from theories) problems

Creativity (hypothesis generation): A creative answer is expected from a question or instruction: e.g. find a solution to open
scientific questions.

Thoughtful dialogue, Coding, etc. —> Agentic aspects

safety, usability, robustness (adversarial attacks), cost/energy (training, inference)

Criteria for all of the above:

Correctness (of facts, results),

Accuracy of solutions AND reasoning,

Reliability (consistently good in quality or performance),

Speed (how fast to produce a response), O1-pro can take minutes to respond to a single prompt
Consistency (slight prompt variations should not generate significantly different responses),
#shots (how many examples are needed for good quality),

Extent of Prompt Engineering.

Challenges:

Al model capabilities (knowledge, reasoning, correctness) are increasing at extreme pace
Evaluation should be done in enclaves (Al models should not be trained on the tests)
Generation and validation of large corpus of difficult enough tests Argonnea

NATIONAL LABORATORY



EAIRA: Multi-faceted Eval Methodology
Benchmarks

End-to-End
A

Proposed Methodology

In the Wild

Open Response

Lab Style

Techniques MCQ Benchmarks \ Benchmatks Experiments Field Style Experiments
. . | Testing knowledge gt .
. Testing knowledge breadth, basic . W : Realistic trend analysis and
Main Goal reasoning depth, plapmng, Realistic testing weakness diagnosis
reasoning
Predeg;;rgmed, Individual Human
Problem Tvpe Predetermined, Fixed Q&As with Free-Response Defined Problems | Many Human Defined Problems with
yP known solutions POy with unknown (un)known solutions
Problems with .
: solutions
known solutions
Verification Automatic response verification H:rl:lta:mr::cozrse RTINS FHAE00 HLROMBAC S Rmary 6t
P : P response analysis human response
verification
Astro, Climate, AMS SciCode see "lab style
Examples (multi-domain), Existing ALDbench experiments” see "field style experiments

Benchmarks

Cross Cutting Aspects I

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

Methodology consisting of 4 complementary evaluation techniques to comprehensively assess the
capabilities of LLMs as scientific assistants:

* purple text shows prior contributions by the researchers participating in AuroraGPT

* blue text shows AuroraGPT contributions.
* Black text aspects adapted from existing work are included for a complete approach.

https://arxiv.org/abs/2502.20309

Argonne &
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https://arxiv.org/abs/2502.20309

ASTRO MCQ Benchmark

. (A) Stellar companions can dilute transit signals, potentially

4425 Automatlca"y generatEd MCQS leading to misclassification of planets and inaccurate

parameter estimations. Additionally, their gravitational

From 885 articles in Annual Review of Astronomy and TULTEINGS) G RIS LRSI O, I Cless 6 mey
systems.

irs 1963 tn 2023 e e

Sample question from Astronomy benchmark dataset

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

Iny Lessons learned:

b : : : : -

®| + Manual validation shows that automatically generated MCQs are of high- ate
Eal  quality
on

Rl ¢ Models may have been trained on the papers = we need a dynamic approach

gel * MCQ Manual validation is the bottleneck! not automatic generation
20

) 7 Claude-3-5-Sonnet N 5 T CESMA-3-708 &
Claude-3.0-Opus 82.7 i mixtral-8x228-v0. 1 | 7

GPT-40 80.4 ! Qwen-2- 728_77 7

Claude-3.0-Haiku 77.9 Gemma-2-275 I /5.6 |
Some take aways: Gemini-1.5-Pro 77.6 Phi-3-14B I 5
Yi-Large 77.3 Mistral-8x75-v0.1 N 7 3 .7
* Claude 3.5 Sonnet best (no 01 tESt) CIaude-3.0-Sonnet§6.7 § Qwen-1.5-325 N /.2

; -2 I 6.6 | ¥i1.5-345 I 3. 1
Llama-3-70B on par with GPT40 Claugtee-g.(z)ié 75.3 LLaMA-3-8B H—— 2.
i i iv (i . Step-1 75.2 ! qwen-1.5-1106 [ > 7
Published in July 2024 on arXiv (journal: ZOZSG)LM_4_085F>20 g awen 2570
Benchmark almost/probably saturated ERNIE-4.0 751 | Phi-3-48) m7L7 . e

GPT-4 74.5 e Gemma-2- 98_71 5

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




Automatic High-quality Benchmark Generation/Validation

Many scientists have the same need: generate specific MCQ benchmarks for their problems
- We need an integrated framework to generate/validate MCQs Benchmarks

Bootstrap
automatic
generation

Library
of scientific
papers

.
Validate

automatic
generation

Validate
automatic
validation

Manual

Automatically
compare difficulty
level with SOTA
(e.g GPQA, etc.)

Increase Benchmark saturated
difficulty
7~ N\ Al4S
Accepted ' Qualit \ Benchmark
Manual M | uality N
anua MCQs C . ) D
Generation =< \/5lidation V?/T:E;r(';&n
i Tool \ Tool I
L_Benchmark |
‘- Accepted N Test Results
. MCQs pr—
e ——— / > Validated Quality Accepted Q LLMs
Automati . uT%m:tlc MCQs Comparison MCQs
| Validatjeff - . ——
- With SOTA
” BeNnchma ~—
Manual tuning
Increase Benchmark saturated
difficulty
Automatic Argonneﬁ



SciCode Open Response Benchmark (integrated into the methodology)
Scientist-curated code genera tion benchmark (mathematics, physics, chemistry, biology, materials science)

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

dec
The p

multi
know1

synth

To sol
imple
for ea
them

Lessons learned:

* OpenAl 01-preview can only solve 7.7% of main problems (right level of nto grids

difficulty).

 Difficulty comes from the necessity to combine multiple skills:

problem understanding, retrieval, reasoning, planning, code

generation.

* Using codes as the results of the questions makes verification “trivial” but it is
not applicable to all open question problems: e.g. bio.

)

e

] Hamiltonian.]

)

J

[T
||Iloum zone

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

5uestion: Write a Haldane model Hamiltonian on a
hexagonal lattice.

-

"Docstrings
def calc_hamiltonian(kx, ky, a, t1, t2, phi, m):

Function to generate the Haldane Hamiltonian.

Args:
kx (float): The x component of the wavevector.
[MORE ARGUMENTS]

Returns:
hamiltonian (ndarray): matrix of shape(2, 2).

J

\

deT compu%e_cﬂern numBer_grld(deLta, a, tl, t2, N):
wun

Function to calculate the Chern numbers.

Args:

delta (float): The grid size in kx and ky axis for discretizing the
Brillouin zone.

[MORE ARGUME]

Returns:

results (ndarray): 2D array of shape(N, N), The Chern numbers.
[MORE RETURN VALUES]

Problems are very challenging: inspired

by Nobel prize level problems.

Minyang Tian, SciCode: A Research Coding Benchmark Curated by Scientists, arXiv:
arXiv:2407.13168

Argonne &


https://arxiv.org/abs/2407.13168

Understanding/modeling question difficulty

ANL-HPE Collaboration: DoReM:i: Difficulty-Oriented Reasoning Effort Modelling of Science Problems for Reasoning Language Models

e Current benchmarks fail to rigorously define “difficulty”. They also fold diverse challenges into single accuracy scores.
- How do we know if a benchmark question is difficult? (written by a Ph.D., written by a Field medalist?)

* It remains unclear what level of reasoning effort is required so solve benchmark problems.

- Need principled ways to 1) measure difficulty for curriculum learning, 2) benchmark creation, and 3) reasoning effort
estimation.

DoReMi

* Compute Multi-dimensional
Difficulty Fingerprints for a
benchmark using Bloom Taxonomy
metrics across 7 dimensions

* Use LLM as a judge approach to

e Study correlations between LLM
judges difficulty assessments and
some metrics of LLM perceived
difficulty to respond to a question.

—> Link difficulty to cost (time,

tokens, etc.)

* Consider multiple metrics:
* Wrong Answer Fraction (WAF)

evaluate questions on the Bloom g S : _ « Minimum Reasoning Token (MRT)
O @ It £ % ‘/')89 4 ¢ .

dimensions (:'éo w&”\ ¥ i@%wz;@:o. @3‘ * Expected Runs to First Correct Answer

: Q. e g . & (R2FCA)
* Use Multiple LLM Judges and check Z e e O SO .
P g 3% e "o, Q}P * Uncertainty of Correct Answers (UCA)
N B\ . .
consensus. 69 s * Reasoning Inconsistency (RI):

* Etc.
DoReMi: Paper submitted to an Al conference Argonne &

NATIONAL LABORATORY



End-to-End Evaluations: Lab Style & Field Style Experiments:

Using LLMs as scientific research
assistants to solve/progress on
real real problems

Exploring a quantum entanglement problem with Argo/O1-preview

Over all steps of the research
process:

Ideal View of Research Process

Accelerated
Scientific
Method

White board tracking of the Lab Style Experiment:

: Idealized research workflow. O1 clearly understood the problem
formulation. GPT4o identified relevant literature, not known by the
researcher.

: O1 was stuck in potential direction generation. Argonne researcher
Reality proposes a potential direction




Lab-Style Experiments

* Compare multiple LLMs to progress toward solving an unpublished

problem

e 1 scientist — 1 Al expert helping to craft the prompts

* Record all the interactions between the scientist and the model +
scientist assessment of the model response

* Ran 5 experiments to observe the “distance” between an ideal assistant
and Existing LLMs (Large Language Models)

NACA 0012 AIRFOILS - NACA 0012 airfoil

* Experiments related to:

* DAG Scheduling

* PDE Solving

* 0 overhead checkpointing for LLMs training (HPDC24 Best Paper) S

e Quantum entanglement BT el [ |-

 Life at temperature beyond known limits: e.g. 150°C LEEEI T e
« Experiments >25 hours (~6h per experiment), >125 prompts T T L _m:»;
» Tested Models: 01, Argo/O1, ChatGPT40, GPT3.5, Gemini 2, Gemini 1.5, ey e e

Claude3 Sonnet/Haiku, Mistral, Llama3 (70b, 405B), Perplexity Pro, (not —Eﬁﬁuﬁﬂﬂﬁmm o

mi BUI 1 1'C w-—myv

all models were tested on all prompts)



2024: PDE Solving 1: Transonic Flow

Collaboration with David Keyes, KAUST

Context: Our goal is to solve a 1-dimensional nonlinear second-order
boundary value problem for phi(x).

phi(x) is a velocity potential, the velocity u is the x-derivative of phi(x),
denoted u(x)=phi_x(x).

We define two auxiliary functions, A(x) = 0.4 + 0.6 (x-1)*2, the cross-section
of a windtunnel, and the local density,
rho(u)=(1+(gamma-1)(1-u”*2)/2)*(1/(gamma-1).

The equation is (A(x)rho(u)phi_x)_x=0 with left boundary condition phi(0)=0
and right boundary condition phi(2)=phiR.

phiR=1.15, gamma=1.4

Asked 9 different prompts covering:

-Problem attack: How you would solve this problem,
describe important steps?

-Approach to avoid oscillation: solution steering did not
work: “what method should one use to avoid
oscillations”.

Transonic flow passing over an airfoil
NACA 0012 AIRFOILS - NACA 0012 airfoil

Mach Number Contours

The given equation is:

Courtesy of David Keyes
(A(@)p(u)pz)e = 0

Iso-Mach lines at M o= 0.8

with boundary conditions:
¢(0) =0 and ¢(2)=¢pr=1.15 = /
where: \ g
26 /
u(z) = ¢u(x)
A(x) = 0.4+ 0.6(x — 1)°

o(u) = (1+”;1(17u2>)ﬁ

74
andy = 14 ° 0‘:‘ ‘0‘2 03 0‘4

L. Liu, F.-N. Hwang, L. Luo, X.-C. Cai, D. E. Keyes, A Nonlinear Elimination Preconditioned
Inexact Newton Algorithm, SIAM Journal on Scientific Computing, Vol. 44, Iss. 3
(2022)10.1137/21M1416138

-Solution steering: asked specifically to use upwinding PDE Solving Claude 3 Llama 3 GPT3.5 GPT4o0
approach (none of the model proposed this Problem Attack C C F D
|r(1:dzpendently-) ] ) inding* (LI 3 and Solution Steering D B D
-Code generation instructing upwm mg ( .ama z_;m Oscillation avoidance Ic A B D
GPT4o0 only): Generate code using upwind differencing -

- Code Generation C E
for phi. E—

Upwinding aims to improve the accuracy and stability of numerical solutions by considering the direction of this information propagation



Lab-Style Experiment: Biology

Our objectives are to:

1) Identify currently known limits of biological activity based on temperature (known examples of viable

organisms and the associated upper-temperature limit)

2) Identi L | d:
operate essons iearneada:

still func{ ¢ Best technique to evaluate the actual value of LLM capabilities for

3) Make | Science
changingl * Models can propose surprising, intriguing, “plausible” innovative
research directions:

[O1 DeepResearch]: proposes creation of hybrid life form with inorganic
shell and organic engine - can be stable at conditions that would destroy
Q1: ldent lipid membranes.

chemistr

air systems that
lecular process is

e altered by
‘e non-biological

Q2: Iden —>Need a chemist + a biologist to evaluate pertinence still viable.
Q3: Geng ¢ Lab-style experiments are not scalable and need to be redone as Al ould impact
currentl models progress
- 01 pr

Life beyond limits OpenAl O1 Argo Ol-preview Perplexity-Pro-R1

Problem Understanding Q1l:3,Q2:4 Q1l:4,Q2:4 Q1:5,Q2

Literature Review Ql1:4.Q2: 4 Q1:3,Q2:3 Q1:4,Q2:

Hypothesis Generation Q3:3,Q4:3,05:3,06:4,Q7:3 Q3:3,Q4,3,Q05:3,Q06:3,Q7:3, Q3:4,Q04:4,Q5:3,06:2,07:2 10 &

AAAAAAAAAAAAAAAAAA



End-to-End Eval: Field Style Experiment

FM/
LLM

Researchers Input Outputs

interactions
with the FM/LLM

Responses to
interaction

Knowledge,
Skills

Lab style experiments: Human evaluation, tries to solve 1 specific problem, compare
different models, guide LLMs (requires efforts: some prompt engineering),

Field style experiments: Automatic evaluation, capture what researchers actually ask, much
broader diversity of Q&As, large diversity of prompt engineering, statistical evaluation

WildBench (1024)

Several papers on this topic (but not for Science activity)

WildBench: Benchmarking LLMs with Challenging Tasks from Real Users in the Wild, %
B. Y. Lin and Y. Deng and K. Chandu and F Brahman and A.Ravichander and V. Pyatkin and
N. Dziri and R. Le Bras and Y. Choi, 2024, arXiv 2406.04770 “
HaluEval-Wild: Evaluating Hallucinations of Language Models in the Wild, _
Zhiying Zhu and Yiming Yang and Zhiging Sun, 2024, arXiv, 2403.04307 et

“Do Anything Now": Characterizing and Evaluating In-The-Wild Jailbreak Prompts on Large Language Models

Information
seeking

492 Advice seeking
% | Brainstorming
Role playing

Data Analysis

Editing

AAAAAAAAAAAAAAAAAA



End-to-End Eval: 26060 1500 Scientists Al JANEEkEex
in 9 Labs Simultaneously (Feb.28, 2025)




1,000 Scientists Jam Session: In numbers

Researcher participation and contributions on a voluntary basis.

Total:

2800+ problems

15000+ assessed prompt
responses

Argonne:
720 problems
2500 prompts




Literature/Data

Experiments Coding

Bio

1,000 Scientists Jam Session: Domains

Researcher participation and contributions on a voluntary basis.

Literature search, analysis, survey
Data analysis and forecast, interpolation, extrapolation,

classification (Point Cloud, signal, protein sequences, files, etc.)

Anomaly detection
Signal Analysis
Scientific Visualization

Algorithm design/optimization

Automatic code generation/refactoring

Code translation

Debugging codes (sequential, parallel)

Automatic code performance tuning/optimization
Identifying performance bottlenecks

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

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

Al

Physics

Infra.

Math
A

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

Hyper parameter exploration for DL
training.

Battery design
Chemical Mechanisms
Physics beyond standard model

Infrastructure modeling and resilience
Natural Disaster assessment

Surrogate model
Mathematical derivations
PDE solving

Convergence proving
Equation validity testing
Derivative analysis
Uncertainty estimation
Inverse problems

Statistical modeling Argonne v
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1,000 Scientists Jam Session: Problem Types Bigs

Researcher participation and contributions on a voluntary basis. * Algorithm design/optimization
. Automatic code generation/refactoring
. Code translation

. Batter.y design . +  Debugging codes (sequential, parallel)
* Chemical Mechanisms . Automatic code performance tuning/optimization
*  Physics beyond standard model «  Identifying performance bottlenecks

. Understanding mechanisms of Cancer
. Understanding radiation effects on human cells

. Literature search, Predictive Genomic Models

analysis, survey

Surrogate model
. Mathematical derivations
. PDE solving
. Convergence proving
. Equation validity testing
. Derivative analysis
. Uncertainty estimation
. Inverse problems
. Statistical modeling
. Domain specific LLMs/Agents (use LLMs as foundation models)
. Hyper parameter exploration for DL training.

Accelerated
. - e . Automatic tuning of instruments
SC| entIfIC . Experimental Design (including

autonomous workflow)
MethOd *  Dark mater experiment design

https://doi.org/10.1038/s41524-
022-00765-z

. Data analysis and forecast, interpolation,
extrapolation, classification (Point Cloud, signal,
protein sequences, files, etc.)

. Anomaly detection

. Signal Analysis

. Scientific Visualization

. Natural Disaster assessment Argon ne °

. Infrastructure modeling and resilience NATIONAL LABORATORY

. 7?7


https://doi.org/10.1038/s41524-022-00765-z
https://doi.org/10.1038/s41524-022-00765-z
https://doi.org/10.1038/s41524-022-00765-z
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@1000

1,000 Scientists Jam Session: Model usage

Researcher participation and contributions on a voluntary basis.

o] Lt Model Usage Frequency by Lab (Top 8 Models)
OpenAl 03-mini 2139 Labs
[ ] ® anl
OpenAl 03-mini-high 1390 0.8 7 Ibl |
pnn
inl
b @ bnl
OpenAl o1-pro 1189 o
@® opppl
Unclear 380 snl
@ oml
Claude Sonnet 3.7 255 0.6 1 ® slac
GPT-40 253
[
GPT-4.5 145 >
C
2]
ChatGPT 126 %
GPT-4 = o]
122 % o
Claude Sonnet 3.7 96 3
Thinking
OpenAl DeepResearch |70 °
0.2
OpenAl o1-mini-high 51
[ ] [ )
Deep Research 47 ® ® o
OpenAl o1 30 ® ° ]
o
Claude 3.5 19 o0
Other 8 y @é‘ & »9@ ‘:p q,\,mo 1;5;{\ Q/\m
o & N ol <
. & & & ‘9°°° ¢ °
Free Version 6 & &D R &ef'
& ¢
Google Flash Thinking |2 © Model

Argonne &b
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1,000 Scientists Jam %ession:dSkbiI tesltedb
Researcher participation and contributions on a voluntary basis.
(selected by user)

Skill Assessment Frequencies
(Skills with Non-Empty Assessments)

analysis 805

772

planning

E conclusions
L
review - 583
hypothesis - 391
T T T T T T T T
0 100 200 300 400 500 600 700 800
Frequency

AAAAAAAAAAAAAAAAAA



1,000 Scientists Jam Session: skills strength
(average over the whole corpus)

LLM as a judge to automatically score (1-5) the LLMs responses

Overall Skill Statistics (All Samples)
(Error bars show standard deviation)

Different blue colors represent different skills

T

~2.8 —|

Score

Result robust
against change
the judge model
(gpt 40 -> gpt 01)

35
‘ ” I
n=432
25 1
20
4
s
g

AAAAAAAAAAAAAAAAAA



1,000 Scientists Jam Session: skills strength

(average over the whole corpus)

LLM as a judge to automatically score (1-10) the LLMs responses

Nested Analysis - Overall Category Statistics
(Error bars show standard deviation)

"8-17 1 Lessons learned: s represent
| ¢ Field style experiments are just nascent
£ | * We need to understand better what to capture (scoring)
1 * We need to understand better how to diagnose Al model
| weaknesses based on human-Al model interactions in science he LM understand the
context. nce?
s the LLM distinguish
| - - - T T ation?
° « s\ \ % « * Graph Interpretation: If presented with graphs or charts,
X > O W o) can the LLM interpret them correctly?
.;\\Qoo \\Ob @0 Q,Q{? .OQO_ OQ Q/& \Ac} ,OOQ 0’\\\ ,0(\ S * Error Analysis: Does the LLM demonstrate any
O ¢ 6% Q(J ,5\'\ rz’,0 \(Q A\ {\rb 0 fb(’ ’5\'\ Q/’b understanding of experimental error and its potential
\"b(\.(fo $\Q/ o ,}\\’ (® QQ} QJ"}QO ,b?“ Qﬁe \*Q/ (\\(’ '\b impact on results?
X Q}‘o {\.&S\\\ \é\o {E\.\\O R e \(s\\o G Q Q’g\\. &Q} \\?’b @0 &\0
O ¥ & & Q¢ (P(:é}Q’Q
® T O ° Argonne &



What’s next

e Continue Benchmarks development (skills —Coding-, trustworthiness, safety)
* More Lab-style experiments (numerical methods)/ improve the method

* More Field-style experiments / improve the method

e Develop Frontier Science Benchmark (extremely difficult problems ~ Frontier

Math), including:
« Performance tuning Trillion Parameter Consor’qum

Generative Al for Sc1ence’ e

. . . . foril - - c Charlie Catl
* A u to m a t I C Pa ra | I e | I Z a t I O n E:;ct(niiex:;:nstzggfag?;l:rg t:\\lfzgniznéz:&sl:[/ National Laboratory: &efan Wild_ - t = c:en;:rc,tmor:ralte;p:t;;;

The University of Chicago Lawrence Livermore National Laboratory: BrfVan Essen
. Leibniz Supercomputing Centre: Dieter K@n;lmlgr 3 < : -
o E n e rgy SaVI n g e - Los Alamos National Laboratory Jason ErueAtx Y > -
ingapore: Leslie Teo - $ i ’ .
8ap! A 4 &~ Stanford Un|versnty. Sanmi Koveio,

AIIen.Ins.titute For Al: Noah Smith Microsoft: Shugiwen Leon Song - = STFC Ruthetford Appleton Laboratory, UKRI:
AMD: Michael Schulte National @@hter for Supergomputing Apphcatlons Bill Gropp™ =Y levanThivagalingam

L] L ]
o O pt I r r ‘ a I to O Ca | I I n g (Age nt) Argonne National Laboratory: lan Foster AIST® JapangYoshio Tarfsha > Texas Advanced ConMngetfs Contr
Barcelona Sup. Center: Mateo Va ortes  National Renewable Energy Laboragory:Juliane MuelBi, > -

Dan Stanzione

Brookhaven National Laboratory: Shi ulha  National Supercomputing Centre, SifigaporéiTin Weez‘[an ,{bd?nas Jefferson Nahor‘Accelerator Facility:
.

CalTech: Anima Anandkumar NCI Australia: Jingbg Wang Malachi Schra‘

CEA: Christoph Calvin New Zealand eScience Infrastructure: Nitk J.ones -] JogetherAl: Cé Zhang

Cerebras Systems: Andy Hock . Northwestern University: Pete Beckman, ™" Tokyo Institute of Technology: Rio Yokota
CINECA: Laura Morselli, NVIDIA: Giri Chukkapalli -~

CSC - IT Center for Science: Per Qster. 1 i -
CSIRO: Aaron Quigley Oak Ridge National Laboratory: Prasanna Balaprakash

TH Ziirich; Torsten Hoefler Pacific Northwest Na Labofatory:'Neeraj Kumar Un!vers!ty of ChiGago: Rick Stevens
LB )i Pawsey Institute: M k University of Delaware: llya Safro,
rmilab : Jim Amundson ; e W ;
erci Princeton Plasma boratory: William Tang University of lllinois Chicago: Michael

oo Université de Montréal: Irina Rish
-

Flinders University: Rob Edwards o, B ¢
Fujitsu Limited: Koichi Shirahata RIKEN: Makoto Tal r *nlversr(y offllinois Urbana-Champaign: Lav hney
HPE: Nic Dube Rutgers University: Shantenu. - niversity of New South Wales: Tong Xi
SambaNova: Marshall Choy University of Tokyo: Kengo Nakajima
3 Sandia National Laboratories: John Feddema Unlversn*f Toronto: Alan A;mﬂ&
Seoul National University: Jiook Cha University of Utah: Manish Paj
LAC National Accelerator Laboratory: Daniel Ratner University of Virginia: Geofft

Intel: Koichi Yamada
Juelich Supercomputlng Center: Thomas Lippel
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Thanks!
Q&As

EAIRA EVAL Methodology
https://arxiv.org/abs/2502.20309
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2025: PDE Solving 1: O1-pro, Claude 3.7 extended

The maturation of the LLMs in 12 months is impressive. | would give a Ph. D. student good grades on the transonic essay in
identifying the subtleties and some relevant literature.

The model mention sophisticated discretization methods for primitive variables, like the velocity and density. However, it is
not clear how to apply these to the requested velocity potential form of the equation, in which the velocity is a function of the
potential and the density is a function of the velocity.

Following Boeing, as described in David’s paper, one would use density upwinding, not upwinding on the velocity or the
velocity potential. This Boeing practice is not described. Neither of the scripts will result in a discretization that models the
shock correctly. Also, neither one of them knows how to robustify the Newton method for a discretization that is clever
enough to capture the shock.

The transonic treatment is quite well informed. in terms of relevant literature and calling attention to various classical
discretization options. It knows that a shock may develop and that this may prevent a single discretization scheme from being
applied at every point. Different schemes are needed in different regimes of Mach number. It does not warn us that the
resulting discrete system may be "nonlinearly stiff" and that a plain Newton method will not work.

Conclusion: | still have a job.
Argonne &
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Experimental Validation: e.g. Google co-Scientist

Toward and Al co-scientist, arXiv:2502.18864

Al co-scientist relies on “self-play” strategies
to continuously generates, reviews, debates,
explains its reasoning and improves research
hypotheses toward the research goal.

i preferences, experiment : | !
constraints, and other
attributes.

The scientist interacts
with the system by
specifying a research
goal in natural language.
They can also suggest

(18 Feb. 2025)

Scientist o ) Hypothesis
clentist- Scientist inputs The Al co-scientist multi-agent system ti
in-the—loop generation

. L__E'm""""Ee"éé-éi'gﬁ-ﬁ-l-a”ri ..................................................................

Research goal B configuration AI
- L I,
| Scientist describes a e . .
Scientist i researchgoal alongwith | | : Al co-scientist

Ranking agent
tournaments

The Al co-scientist
continuously generates,
reviews, debates, and
improves research
hypotheses and
proposals toward the
research goal provided

Research hypotheses m
| | BcompansonEndankinc i S ——————ea SN
i with scientific debate in : :
! | i tournaments.Limitations ' :  DPeenverification

Multi-agent architec
* All agents built fro| ®
* Agents: Generatio
reviewer), Evoluti
Meta-review (hig
(novelty, correctn
* Asynchronous tas
flexible compute

How to we assess knowledge extension,
reasoning capabilities and creativity level?
— We cannot only rely on experimental
validation (too expensive)

* Tournament evolution process for
self-improving hypotheses generation.
Feedback from the tournament creates a self-
improving loop towards novel quality outputs.

* Tools: web search and specialized Al models to
improve grounding and quality of generated
research hypotheses.

Automated evaluations

by the scientist.

OTUB TepuUrposimg, novel
target discovery, and
explaining mechanisms of
bacterial evolution and
anti-microbial resistance.
Co-scientist’s hypotheses
for these three settings are
externally, independently
validated by in vitro
laboratory experiments

_________________________________ Tool Use
nplification Search
ciosaaenya | B Additional tools
imity agent
freview agent — Memory """""
erview formulation
-
Avoids inaccuracies Clithtdl “‘Xpert
Translational component eva | uatlon for the
Meaningful pre-clinical experiments - . .
Well-defined endpoints - CO-SC|entISt
Path to clinical application
Clearly stated aims - generated drug
Clear hypotheses and methods - r r OSi n
Avoids over-extrapolation = epu p g
Integrates prior studies hypotheses
Scientifically rigorous rationale =
Bridges therapeutic gap -
Unmet clinical needs -
1 1 I 1 1
0 20 40 60 80 100

Percentage of answers

Stronagly Aaree Agree Neutral Disagree Stronaly Disaaree



LLM-based Agent Evaluation (20march2025)
Survey on Evaluation of LLM-based Agents: arXiv:2503.16416v1

Planning and Multi-
Step Reasoning (§2.1)

AQUA-RAT (Ling et al., 2017); HotpotQA (Yang et al., 2018); ARC
(Clark et al., 2018a); StrategyQA (Geva et al., 2021); GSMS8K (Cobbe
et al., 2021); MATH (Hendrycks et al., 2021b); Game of 24 (Yao
et al., 2023); MINT (Wang et al., 2023); PlanBench (Valmeekam et al.,
2023); FlowBench (Xiao et al., 2024); FOLIO (Han et al., 2022); P-
FOLIO (Han et al., 2024); MultiRC (Khashabi et al., 2018); MUSR
(Sprague et al., 2023); BBH (Suzgun et al., 2022); ToolEmu (Ruan
et al., 2023); MINT (Wang et al., 2023); AutoPlanBench (Stein et al.,
2023);: ACPBench (Kokel et al., 2024); Natural Plan (Zheng et al., 2024)

(1) Fundamental agent capabilities:

Agent Capabilities
Evaluation (§2)

1

I

Function Calling
& Tool Use (§2.2)

}»

* planning
 tool use
* self-reflection

memory

(2) Application specific:

BFCL (Yan et al., 2024); ToolBench (Qin et al., 2023); ToolAlpaca
(Tang et al., 2023); APIBench (Patil et al., 2025); API-Bank (Li et al.,
2023); NexusRaven (team, 2023); Seal-Tools (Wu et al., 2024b);
ComplexFuncBench (Zhong et al., 2025); ToolSandbox (Lu et al.,
2024); RestBench (Song et al., 2023); APIGen (Liu et al., 2024c);
StableToolBench (Guo et al., 2024); NESTFUL (Basu et al., 2024b)

Self-Reflection (§2.3)

LLF-Bench (Cheng et al., 2023); LLM-Evolve (You
et al., 2024); Reflection-Bench (Li et al.. 2024)

NarrativeQA (Kocisky et al., 2018): OQMSum (Zhong et al., 2021);
QUALITY (Pang et al., 2021); RAISE(Liu et al., 2024a); ReadA-

gent (Lee et al., 2024); MemGPT (Packer et al., 2024); LoCoMo
(Maharana et al., 2024); A-MEM (Xu et al., 2025); StreamBench

(Wu et al., 2024a); LTMbenchmark (Castillo-Bolado et al., 2024a)

‘Web Agents (§3.1)

MiniWob (Shi et al., 2017); MiniWeB++ (Liu et al., 2018); Web-
Shop (Yao et al., 2022); Mind2web (Deng et al., 2023); WebVoy-
ager (He et al., 2024); WebLinX (Lu et al., 2024); WebArena
(Zhou et al., 2023); VisualWebArena (Koh et al., 2024); MMInA
(Zhang et al., 2024); AssistantBench (Yoran et al., 2024); Web-
Canvas (Pan et al., 2024b); ST-WebAgeniBench (Levy et al., 2024);
WorkArena (Drouin et al., 2024); WorkArena++ (Boisvert et al., 2025)

Software Engineering
Agents (§3.2)

H H

* benchmarks for web
e software engineering

Application-Specific
* Scientific { Agen Evaluaton (53
[}

conversational agents

(3) Benchmarks for generalist agents

(4) Frameworks for evaluating agents

' ScienceOA (Lu et al, 2022); QASPER (Dasigi et al., 2021); MS? (DeY-
oung et al., 2021); ScienceWorld(Wang et al., 2022a); SUPER sBogin

et al., 20242; Ideation SSi et al., 20252; AAAR-1.0 !Lou et al., 2025);

ScienceAgentBench (Chen et al., 2024); CORE-Bench (Siegel et al.,

N

Frameworks for
[ Agent Evaluation (§5)

| Scientific Agents (§3.3) |—

Generalist Agents
Evaluation (§4)

HumanEval (Chen et al., 2021b); SWE-bench (Jimenez et al., 2023);
SWE-bench Verified (OpenAl, 2024); SWE-bench Lite (SWE-
bench Lite, 2024); SWE-bench+ (Aleithan et al., 2024); SWE-

bench Multimodal (Yang et al., 2024); TDD-Bench Verified
(Ahmed et al., 2024); SWT-Bench (Miindler et al., 2024); IT-
Bench (Jha et al., 2025); SWELancer (Miserendino et al., 2025)

Scientific Agents (§3.3)

ScienceQA (Lu et al., 2022); QASPER (Dasigi et al., 2021); MS? (DeY-
oung et al., 2021); ScienceWorld(Wang et al., 2022a); SUPER (Bogin
et al., 2024); Ideation (Si et al., 2025); AAAR-1.0 (Lou et al., 2025);
ScienceAgentBench (Chen et al., 2024); CORE-Bench (Siegel et al.,

2024); SciCode (Tian et al., 2024b); MLGym-Bench (Nathani et al., 2025);

DiscoveryWorld (Jansen et al., 2024); LAB-Bench (Laurent et al., 2024)

Conversational
Agents (§3.4)

ABCD (Chen et al., 2021a); MultiwOZ (Budzianowski et al.,
2018); SMCulFlow (Andreas et al., 2020); ALMITA (Arcad-
inho et al., 2024); 7-Bench (Yao et al., 2024); IntellAgent
(Levi and Kadar, 2025a); LTM (Castillo-Bolado et al., 2024b)

GAIA (Mialon et al., 2023); AgentBench (Liu et al., 2023b);
Galileo’s Agent Leaderboard (Bhavsar, 2025); OSWorld (Xie
et al., 2024); AppWorld (Trivedi et al., 2024); OmniACT (Kapoor
et al., 2024a); TheAgentCompany (Xu et al., 2024); CR-
MArena (Huang et al., 2025); HAL (Stroebl et al., 2025)

Development
Frameworks

Gym-like Environments —

Duatabricks Mosaic Al (Databricks, 2023); Galileo Agentic (Galileo,
2025); Vertex AI Gen Al (Google Cloud, 2025); LangSmith
(LangChain, 2023); Langfuse (Langfuse, 2023); Patronus Al (Pa-
tronus Al Inc., 2023); LangChain AgentEvals (LangChain, 2025)

MLGym(Nathani et al., 2025); BrowserGym(Chezelles
et al., 2024); SWE-Gym(Pan et al., 2024a)

These are just LLM | 2024); SciCode (Tian et al., 2024b); MLGym-Bench (Nathani et al., 2025); b

Discussion (§6)

Current Trends (§6.1) ||

Realistic and Challenging Evaluation; Live Benchmarks

benchmarks DzscoveQWorld (Jansen et al., 2024); LAB-Bench (Laurent et al., 2024)

J

Emergent Di-
rections (§6.2)

H

Advancing Granular Evaluation; Cost and Efficiency Met-
rics; Scaling & Automating; Safety and Compliance




Complex For
interdependd Of large code translation from different LLMs

Manual Incremental translation from Fortran to C++:

Code Translation: Full Complex Codes (Fortran to C++)

COd 98 CR I BE . Leveraging Large Language Models for Code Translation and Software Development in Scientific Computing
Akash Dhruv, Anshu Dubey, PASC, June 16—18, 2025, Brugg, Switzerland

Template of Fortran-based MCFM (Monte Carlo for FeMtobarn processes) codebase

C++ Driver Code ] FORTRAN-C API \(
(SOU rce w [(ex: src/BLHA/qu_w1jet.cxx)J rLCOI'e FORTRAN Codebase Tests

—>»Modules

Currently focusing on code correctness
What about performance?

- We need benchmarks to evaluate/compare the performance

Tests

Core C++ Codebase Tests

Y

iGN

. . . [ C++ Driver Code 1
Begin with converting data structures (ex: sro/BLHA/qab_w1jet.cxx) |
Continue incrementally with rest of the code: L )
Code is converted in smaller, manageable sections, creating _
interfaces (usually Fortran-C layers) between legacy Fortran Develop prompts to teach LLM the rules for conversion from

d d | itten C4+ ti Fortran to C++ and write corresponding Fortran-C-API to
code and hewly wri i €n Sections. ) ) integrate the generated code with the application.
Each code segment is tested to preserves functionality

* Runincremental tests.
(Easier debugging by isolating issues in well-defined portions)
Rely on a Fortran-C API

Argonne &
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