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What is molecular dynamics (MD)?

Senac et al, Langmuir, 2017. Movie by Patrick Fuchs.

Gagelin et al, Nature communications, 2023.

water + detergent

https://doi.org/10.1021/acs.langmuir.7b01348
https://doi.org/10.1038/s41467-023-38219-9
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Supercomputers→ high cost

In 2025:
● CT 7 (simulation in biology)

● 132 Mh CPU

● 8 Mh GPU

● Total cost ~8 M€
Source : Photothèque CNRS/Cyril Frésillon (droits réservés)

Patrick Fuchs, 2026.

http://www.idris.fr/eng/jean-zay/jean-zay-presentation-eng.html
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Supercomputers→ high environmental cost

Élise Duboué-Dijon & Antoine Taly, LBT, 2024.
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Welcome to the Dark Matter of MD

Data that is technically accessible, 

but neither indexed, curated, 

or easily searchable.

DOI 10.7554/eLife.90061.3

https://elifesciences.org/articles/90061
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A data catalogue for MD simulation data 
(and more)

WHY? Enable, facilitate & foster the reuse of MD data
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MD data availability

Data repository First dataset # datasets # files Size (GB)

Zenodo 2014 2 369 504 891 26 686

Figshare 2012 1 373 222 703 1 177

NOMAD 2021 16 119 555 990 2 189

MDposit CINECA (MDDB)
MDposit INRIA (MDDB)
MDposit MMB (MDDB)

2025
310
719

4 050

251 581
186 293
411 854

52
1 022

15 177

GPCRmd 2017 830 2 414 624

ATLAS 2023 1 938 69 768 10 944

Total 27 708 2 205 494 57 809

S. Sheikh, E. Touami

Reuse MD data → Extract & normalize metadata
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Where to find metadata?

Source: Figshare

https://figshare.com/articles/dataset/MD_simulations_of_P-glycoprotein_started_from_three_different_crystal_strucures_3G5U_4M1M_and_4KSB/4806544/4
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Named Entity Recognition (NER)

Strategies based on language models:
● Encoder-like models (BERT): ~ 100 millions parameters (SLM)

→ fine tuning (many manually annotated examples)
● Decoder-like models (GPT): ~ 10-1000 billions parameters (LLM)

→ harness (instructions + constraints) / access to models?

With A. Ferré (INRAE) / E. Touami
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Manual approach
OpenAI, GPT-5.5, 10/06/2026
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Manual approach
OpenAI, GPT-5.5, 10/06/2026
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Manual approach
OpenAI, GPT-5.5, 10/06/2026

● Automation?
● Model selection?
● Detailed instructions?
● Output format?
● Quality control?

Harness
🧠➡️📦 
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Automation & model selection: OpenRouter

https://openrouter.ai/ 

https://openrouter.ai/
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Automation & model selection: OpenRouter
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import requests
import json

# First API call with reasoning
response = requests.post(
  url="https://openrouter.ai/api/v1/chat/completions",
  headers={
    "Authorization": "Bearer <OPENROUTER_API_KEY>",
    "Content-Type": "application/json",
  },
  data=json.dumps({
    "model": "qwen/qwen3.7-plus",
    "messages": [
        {
          "role": "user",
          "content": "How many r's are in the word 'strawberry'?"
        }
      ],
    "reasoning": {"enabled": True}
  })
)

# Extract the assistant message with reasoning_details
response = response.json()
response = response['choices'][0]['message']

API



P. Poulain | CC BY 16

Prompt engineering

Generic instructions

Annotation guide

Examples
(few-shot prompting)

Text to annotate
Output format

~ 3000 tokens

E. Touami
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Automation, output format & quality control

Data model

E. Touami

class Entity(BaseModel):
    category: str = Field(..., description="Category identifying the entity type.")
    text: str = Field(..., description="Extracted text content.")

class Molecule(Entity):
    category: Literal["MOL"] = Field(
        "MOL", description="Category for molecule entities."
    )
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Automation, output format & quality control

Data model
Forces LLM to output

the data model

E. Touami
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Results (best of)

Model name
Release 

date
Parameters 

(B)
Precision

Unitary 
cost ($)

Unitary inf. 
time (s)

anthropic/claude-sonnet-4.6 2026/02 ? 0.89 0.002 0.5

z-ai/glm-5.1 2026/04 754 0.88 0.001 5.6

qwen/qwen3.6-27b 2026/04 27 0.87 0.002 8.0

google/gemini-3.1-pro-preview 2026/02 ? 0.85 0.004 2.5

minimax/minimax-m2.7 2026/03 229 0.85 > 0.001 3.1

google/gemma-4-31b-it 2026/04 31 0.84 > 0.001 1.1

openai/gpt-5.5 2026/04 ? 0.84 0.003 1.5

E. Touami
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Results (worst of)

Model name
Release 

date
Parameters 

(B)
Precision

Unitary 
cost ($)

Unitary inf. 
time (s)

deepseek/deepseek-chat 2024/12 685 0.74 < 0.001 2.2

mistralai/mistral-small-3.2-24b-
instruct

2025/06 24 0.73 < 0.001 0.2

mistralai/mixtral-8x22b-instruct 2024/04 141 0.68 0.001 0.2

mistralai/ministral-8b-2512 2025/12 8 0.67 < 0.001 0.4

meta-llama/llama-3.1-8b-instruct 2024/07 8 0.56 < 0.001 1.0

E. Touami
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Simulation time normalization ⏱️

● 200ns
● 350 ns
● 50 ns
● 6µs ● 5-microsecond

● 200-300ns
● one hundred nanosecond
● 1.5 micro-sec

🤣
I. Zenati

Regular expressions (Regex)

😭
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You are a unit normalization assistant for molecular dynamics simulation times.
Your tasks:
- Convert all time units to standard time abbreviations (ps, ns, μs, ms, s)
- Separate numerical values from time units

Rules:
- No markdown, no explanation
- Use only standard time units: ps (picoseconds), ns (nanoseconds), μs 
(microseconds), ms (milliseconds), s (seconds)
- Always separate value and unit (e.g. "500ns" → value: 500, unit: "ns")
- Take in consideration values written in letter (e.g. "one hundred"), and 
convert it to numeric value
- If the simulation time is an interval, separate each simulation time in the 
interval.
- If the unit is missing or the unit is not a time unit, output the normalized 
unit to "None"
- If the numerical value is missing, output the normalized value to "None"

Model: DeepSeek V4 Pro

Prompt:

Simulation time normalization ⏱️
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Regex: 79%
LLM: 100%

I. Zenati

Simulation time normalization ⏱️
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Conclusion

Metadata extraction and normalization are key for the reuse of 
open research data (and publications).

Large language models (e.g., ChatGPT) can be used as research 
tools, provided they are equipped with sufficient harness.

The field of LLMs is evolving rapidly:
● Most small models released last year or two-years ago perform 

significantly worse than current SOTA models.
● Access to large, up-to-date models (proprietary and open-weight) 

is important.
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Discussion
Access to large, up-to-date models (proprietary and open-weight) 

What I don’t want to do:
● Read benchmarks (mostly biased and not corresponding to my use case)
● Find the “best” model
● Find how much VRAM (GPU) is needed to run the model (whichllm)
● Find how to run the model (vLLM)
● Connect to a computer cluster:

● Wait to get access to GPU
● Download an (open-weight) model
● Wait…
● Run inferences

● Repeat
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Local ‘computer’
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API Hugging Face: open-weight only

https://huggingface.co/inference/models 

https://huggingface.co/inference/models
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120B, 08/2025

24B, 06/2025

8B, 12/2025

https://ia.numerique.gouv.fr/outils-ia/albert-api/ 

API Albert

😬

😢

😢

https://ia.numerique.gouv.fr/outils-ia/albert-api/
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API Scaleway

https://www.scaleway.com/en/pricing/model-as-a-service/ 

https://www.scaleway.com/en/pricing/model-as-a-service/
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Conclusion

Metadata extraction and normalization are key for the reuse of 
open research data (and publications).

Large language models (e.g., ChatGPT) can be used as research 
tools, provided they are equipped with sufficient harness.

The field of LLMs is evolving rapidly:
● Most small models released last year or two-years ago perform 

significantly worse than current SOTA models.
● Access to large, up-to-date models (proprietary and open-weight) 

is important.
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