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Version 0: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
The authors have demonstrated an agentic workflow to plan, execute, visualize, and iterate to achieve sample alignment.
The work is demonstrated in a virtual environment with calculated diffraction patterns and then also experimentally with two
samples at an SSRL beamline. MCP tools are utilized to interact with the instrument. Conversation history and git repo are
provided to offer details. The work is impressive and represents an important step toward autonomous operation. The
authors show that, with prompt engineering and MCP tools, an agentic AI workflow can already perform practical tasks at the
beamline. To strengthen the manuscript for Nature Machine Intelligence, the authors can consider providing additional
information and discussion. 

1. How much can the initial condition be off (motor and lattice), for the AI to still succeed? 
2. Why imperfect perk centering if starting with a large initial mismatch when the process is iterative? 
3. How long did the AI alignment take, how does it compare to human experts for the real experiment? 
4. How well can this be applied to other x-ray experiments, e.g. when there are multiple peaks or scattering present in the
detector image. 
5. The authors mentioned that one limitation is the substantial upfront effort in prompt engineering, can they elaborate on this
process and how easy or hard it would be to adapt this to other tasks or instruments. 
6. More LLM models can be compared, including open source models, to show if the agentic system requires large closed-
source models. 
7. Are there any major obstacles in deploying the agentic system for routine operation? 
8. Minor: should briefly review and include related work on agentic AI for experimentation from other user facilities. 

(Remarks on code availability) 
The code is well organized with proper documentation with README. 

Reviewer #3 

(Remarks to the Author) 
The manuscript reports an “agentic AI scientist” that performs autonomous X-ray diffraction experiments using large
language models. The system is trained and tested first in a virtual beamline environment that emulates a six-circle
diffractometer and is then deployed on a real synchrotron beamline. The AI identifies reference reflections from XRD and
adapts the sample orientation accordingly. 

The automation of experimental workflows through AI is an exciting research area. Integrating reasoning-capable LLMs into
experimental control could indeed transform facility operations as the authors posit. While I appreciate the timeliness of this
topic, and the nice writing of the manuscript, it is difficult to see what major advance is made by this work that would warrant
its publication in Nature Machine Intelligence. 

1. First and foremost, what contribution is made here beyond off-the-shelf LLM capabilities? The work repeatedly
emphasizes “agentic AI” but provides limited details on how the system differs from standard LLM use. From the Methods, it
appears that no fine-tuning or domain-specific training was performed; rather, preexisting models (Claude, Gemini) were
prompted to issue beamline commands via a custom MCP interface. If the primary contribution is the MCP server, its
technical novelty and architecture need to be more rigorously described and benchmarked. Otherwise, the study seems like



an elaborate prompt-engineering exercise. 

2. I am not sure LLM use is really needed or sufficiently justified here. Many of the reported tasks (beamline alignment, motor
scanning, peak finding) are structured optimization or control problems. It is unclear why a large language model is needed
at all, rather than a deterministic or reinforcement-learning approach. The authors should articulate what reasoning
capabilities or emergent behaviors of LLMs enable unique functionality that cannot be achieved with existing automation or
optimization frameworks. 

3. The manuscript claims the AI “learned” through virtual experiments and “transferred” knowledge to real experiments, but
did this actually occur? The virtual beamline appears to serve as a testbed for prompt refinement rather than a training
environment. So unless I am misunderstanding, the results demonstrate generalization of human-authored prompts, not
model learning or policy adaptation. 

4. The claim that “all code will be released upon acceptance” is not adequate for a work centered on software and
automation. For a technical contribution, public access to the MCP framework, prompts, and simulator source code is
essential to assess reproducibility and enable community validation. Without this, the work functions as a demonstration
rather than a scientific advance. 

5. The authors overstate novelty relative to prior work. There already exists quite a bit of research on autonomous X-ray
diffraction, including Bayesian experimental design, reinforcement-learning controllers, and robotic diffractometer alignment.
These should be cited and contrasted directly. I suppose it is the use of LLMs that make this work different? 

(Remarks on code availability) 

Reviewer #4 

(Remarks to the Author) 
Dear Authors. 

The manuscript presents an AI agent based on large language models (LLMs) for 
automating an X-ray sample alignment procedure at a synchrotron beamline. The study 
addresses a relevant and timely problem, and the results demonstrate the potential of 
language-model–driven agents for automating experimental workflows. The work is 
overall interesting and technically competent. However, several aspects of the 
manuscript would benefit from clarification, additional analysis, and moderation of 
claims. The following comments are intended to help strengthen the manuscript. 

Hereafter are my major points. 

In my opinion the abstract currently makes claims that appear broader than what is 
demonstrated by the presented results and should be moderated accordingly. In 
particular, the statement that this work represents "the first demonstration of an AI 
agent which plans and executes experimental tasks, analyzes results, and iterates to 
achieve a scientific goal" clearly overstates the novelty of the contribution. The 
manuscript surely demonstrates that an LLM-based agent can autonomously perform a 
sample alignment task at an X-ray beamline, which is indeed an interesting and 
meaningful achievement. However, similar agentic frameworks have been reported in 
prior studies, as the authors themselves acknowledge in the Introduction. The main 
novelty here lies in applying such a framework to a specific and operationally 
relevant experimental procedure, rather than in introducing a fundamentally new 
AI-agent architecture or general scientific planning capability. 

In addition, the discussion surrounding the case where the agent identifies an 
unexpected motor offset and adapts its behavior should be moderated. This event 
appear to me due to the reasoning capabilities inherent to the underlying LLM, rather 
than a unique feature of the agent’s workflow or prompt design. Moreover, as this 
observation is based on a single successful instance among a limited number of 
trials, it should not be generalized without further evidence. The authors are 
encouraged to revise the text accordingly and to explicitly acknowledge these 
limitations in the main manuscript. 

Overall, I would recommend that the Abstract and the main part of the manuscript 
focus more precisely on the concrete achievements of the work, namely demonstrating 
that an LLM-driven agent can perform and adapt an X-ray sample alignment procedure in 
a real experimental environment. Broader implications and potential future 
applications of such AI agents should be more appropriately discussed in the 



Discussion or Outlook section, where they can be framed as promising directions for 
future research rather than current capabilities. 

As another major point to improve the current work, I would suggest to consider 
adding to the manuscript a thorough comparison with human experimentalists performing 
the same alignment procedure. This would provide valuable context regarding the 
current performance gap between an AI-driven approach and human expertise, and would 
help assess the potential and limitations of deploying such agents in real 
facilities. Consider the following questions: 
- Is the proposed AI agent faster or slower than a trained human experimentalist 
performing the same task? This question is especially relevant given the motivation 
in the Introduction concerning the limited availability of beamtime and the need 
for greater productivity. 
- When comparing performance, does the human benchmark include an estimate of 
variability or uncertainty (e.g., error bars from repeated trials under identical 
conditions)? 
- The statement that “this level of accuracy does not yet match the precision 
typically required in crystallography experiments” would be clearer if the authors 
provide an estimate of the usual human accuracy. 
- How many command calls would a human experimentalist typically perform to achieve 
such sample alignment, and how does this number compare to the command calls issued 
by the AI agent? 

Regarding the results in Fig. 2(d,e), I believe that a deeper analysis of error 
distributions and their dependence on experimental conditions and LLM settings would 
strengthen the quantitative conclusions. In particular, consider the following points: 
- The reported results are based on only five trials, which is a very limited sample 
size. The statistical robustness of the conclusions is therefore weak. The authors 
should consider performing additional runs to better characterize variability and 
reliability. 
- It would be valuable to analyze whether the accuracy depends on the initial sample 
position. For instance, does a smaller initial misalignment (therefore fewer required 
iterations) lead to higher accuracy? 
- Repeating the experiment multiple times under identical initial conditions would 
allow the authors to assess the intrinsic stochasticity due to the LLM’s 
temperature setting (given the initial setting of the temperature to 1). 
- Similarly, have the authors tested running the same trials with temperature = 0 to 
evaluate if the alignment and lattice parameter accuracy is maintained? 

Regarding the terminology and naming used in the manuscript, and in line with the 
initial comment above, I suggest the following: 
- The use of the term AI scientist appears too broad for the demonstrated 
application. The term "AI X-ray experimentalist" or "AI-driven X-ray experimentation 
agent" would be more precise and better aligned with the described functionality. 
This term should be used throughout the manuscript. 

Regarding the choice and performance of LLM models, I have the following questions: 
- The authors should clarify the rationale for selecting the three LLMs tested. Are 
these models comparable in terms of capabilities? And so, why comparing them? Or 
does one have known performance limitations, especially if used as the core of an 
AI agent? 
- It would be valuable to discuss the expected performance of smaller language models 
(e.g., <20B parameters) in this context. Such an analysis could inform the 
feasibility of deploying local models directly at beamline facilities, avoiding 
data transfer to external platforms. 

Regarding the time, cost, and efficiency of using the LLM agent in performing these 
experiments, also in strong relation with the initial major point above, I would 
consider adding some more quantitative details which would improve the manuscript and 
help evaluate practical applicability. Please, consider the following: 
- Number of LLM requests per experiment. 
- Number of iterations required to reach the final alignment (useful for comparison 
with human experimentalists). 
- Initial and final context sizes. 
- Whether the context window ever approached the model’s maximum length. 



- Context size of the short vs. long prompts. 
- Total time needed to complete each experiment. 
- Estimated cost of LLM inference per run. 
- These metrics would provide a clearer picture of the scalability and efficiency of 
the proposed approach. In particular, they could be used to answer and discuss the 
major point mentioned above regarding the comparison with the human experimentalist. 

Finally some final additional points to clarify: 
- In Fig. 2, the workflow proceeds through "Setup -> Primary reflection -> Secondary 
reflection." It is not clear whether this sequence is explicitly encoded in the 
guiding prompt or autonomously decided by the LLM. This should be clarified. 
- Regarding the LLM input data, it remains a little unclear whether the LLM receives 
only raw image data or also some processed tabular data version of the image. The 
manuscript should clarify what type of detector output is passed to the model and 
in what format. 
- In Figure 2, the caption should explicitly explain what the points, bars, and 
sticks represent. 
- Regarding the real laboratory experiment, the authors mention the use of Claude 
Opus rather than one of the previously tested LLMs. Clarification is needed on this 
choice — was it for compatibility, availability, or performance reasons? 
- Regarding the crystal structure data, the real experiment uses a file from the COD 
database, while earlier experiments used data from the Materials Project. The 
rationale for this change should be explained. 
- In the "Agentic AI models" SI section, the described parameter settings appear to 
refer specifically to Gemini. It should be clarified whether the same setup was 
used for all models. Or include the setting used for Anthropic's models. 
- I'd suggest calling Claude Sonnet and Opus and Gemini Flash simply LLMs. 
- Regarding the command extraction from the LLM output, the current keyword-based 
parsing of LLM outputs could be prone to errors. The authors might acknowledge this 
limitation and suggest the use of structured outputs (e.g., via JSON or pydantic 
models) as a potential improvement. 
- Regarding the real experiments, were them executed only once, or were multiple times 
performed to assess reproducibility? 

Thanks! 
Francesco Ricci 

(Remarks on code availability) 
The code is not available. The Authors state: All data and source code necessary to reproduce the reported results will be
made publicly available upon acceptance of this work. 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
All comments are addressed, additional tests are provided, generalization to other type of tasks are discussed. More x-ray
and large facilities related literature with AI and automation can still be added. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
The authors have made substantial revisions that address several of my previous concerns. The manuscript now more
clearly positions the work relative to prior literature and clarifies the scope/novelty of their contribution. 

I find the paper technically sound, and the topic an important one. My remaining reservation relates primarily to the level of
conceptual advance. The approach largely integrates existing large language models with experimental control tools and a
simulated environment, rather than introducing fundamentally new machine learning methods. While the integration is
thoughtful and the real-world beamline demonstration is compelling, it is less clear whether the work represents a
methodological advance of the type typically emphasized in Nature Machine Intelligence. 

That said, the work provides an interesting proof-of-concept for agentic AI in experimental science, and the revisions have



improved the manuscript overall. Whether this contribution meets the bar for sufficiently novelty to be published in this
journal is ultimately a decision for the editor. I have no other major concerns. 

(Remarks on code availability) 
The authors have now made available their code on Github, which appears nicely documented. 

Reviewer #4 

(Remarks to the Author) 
The authors have thoroughly revised the manuscript, addressing all of my concerns and incorporating the majority of my
suggestions. They provided satisfactory responses to my previous queries, and the current version significantly clarifies the
study's scope and objectives. 

Notably, the addition of new experiments and edge cases has strengthened the statistical analysis and error reporting.
Furthermore, the expanded introduction and updated literature review better position the work within the field. 

In light of these improvements, I believe the manuscript is now acceptable for publication. 

(Remarks on code availability) 
The associated repository is well-documented, featuring a comprehensive README that provides a clear, step-by-step
installation and setup guide for the package, the MCP server, and the LLM provider. The authors have also included an
IPython notebook to facilitate testing of the core functionalities. Furthermore, a graphical user interface to executed a
simulation is provided to the user. Most importantly, the inclusion of the "long" prompt (mentioned in the manuscript), initial
crystal structures, and configuration files ensures the study’s results are fully reproducible. 

Open Access This Peer Review File is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
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made.
In cases where reviewers are anonymous, credit should be given to 'Anonymous Referee' and the source.
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unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons
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Responses to Reviewers’ Comments 
 
Manuscript ID: NATMACHINTELL-A25083858A-Z 
Manuscript Title: An Agentic Artificially Intelligent X-ray Scientist 
 
 
We would like to thank all the reviewers for their time and effort in providing valuable 
comments and questions, which have greatly helped us to further improve the 
manuscript. Below, please find our point-by-point responses highlighted in blue color. All 
changes made to the revised manuscript (a separate PDF file) are marked in green 
color. 
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Reviewer #1 (Remarks to the Author) 
All comments are addressed, additional tests are provided, generalization to other type 
of tasks are discussed. More x-ray and large facilities related literature with AI and 
automation can still be added. 
 
We sincerely thank the reviewer for their positive assessment and helpful suggestion. In 
response, we have added several additional references in the Introduction on AI- and 
automation-enabled experimentation in X-ray and other large-scale scientific facilities.  
 
We are grateful for the reviewer’s constructive feedback throughout the review process, 
which has helped us improve the manuscript substantially.  
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Reviewer #3 (Remarks to the Author) 
The authors have made substantial revisions that address several of my previous 
concerns. The manuscript now more clearly positions the work relative to prior literature 
and clarifies the scope/novelty of their contribution. 
 
We are grateful for the reviewer’s insightful feedback throughout the review process, 
which has helped us more clearly define and communicate the contribution of this work. 
We thank the reviewer for recognizing our efforts to better position our work, and we are 
pleased that the revisions helped clarify its scope and its relationship to the prior 
literature.  
 
I find the paper technically sound, and the topic an important one. My remaining 
reservation relates primarily to the level of conceptual advance. The approach largely 
integrates existing large language models with experimental control tools and a 
simulated environment, rather than introducing fundamentally new machine learning 
methods. While the integration is thoughtful and the real-world beamline demonstration 
is compelling, it is less clear whether the work represents a methodological advance of 
the type typically emphasized in Nature Machine Intelligence. 
 
We agree that the contribution of this work is not the introduction of a fundamentally 
new machine learning architecture. 
We believe the methodological advance lies in establishing and validating a practical 
framework for deploying AI agents in real large-scale scientific facilities. Specifically, this 
work brings an AI agent into a real production beamline and the full beamtime workflow, 
and demonstrates closed-loop operation under realistic experimental constraints. The 
combination of a virtual beamline environment, structured guidance, seamless transition 
from the virtual to the real beamline, and successful real-world deployment makes this 
more than an isolated demonstration: it provides a concrete blueprint for future agentic 
AI systems at scattering facilities and other large-scale scientific instruments. We 
therefore view this work as a meaningful advance in machine intelligence for real-world 
science. We thank the reviewer for their thoughtful assessment and for recognizing the 
importance of the problem.  
 
That said, the work provides an interesting proof-of-concept for agentic AI in 
experimental science, and the revisions have improved the manuscript overall. Whether 
this contribution meets the bar for sufficiently novelty to be published in this journal is 
ultimately a decision for the editor. I have no other major concerns. 
 
Once again, we appreciate the reviewer’s time and careful review. We believe this work 
helps define an important new direction for machine intelligence in science by showing 
how artificial intelligence can be integrated with large-scale scientific machines to 
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address real experimental problems under operational constraints. In this respect, we 
view the contribution as both distinctive and strongly aligned with the interests of Nature 
Machine Intelligence. 

Reviewer #3 (Remarks on code availability) 
The authors have now made available their code on Github, which appears nicely 
documented. 
 
We thank the reviewer for taking the time to examine the shared code repository and for 
noting that it is well documented. 
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Reviewer #4 (Remarks to the Author) 
The authors have thoroughly revised the manuscript, addressing all of my concerns and 
incorporating the majority of my suggestions. They provided satisfactory responses to 
my previous queries, and the current version significantly clarifies the study's scope and 
objectives. 
 
Notably, the addition of new experiments and edge cases has strengthened the 
statistical analysis and error reporting. Furthermore, the expanded introduction and 
updated literature review better position the work within the field. 
 
In light of these improvements, I believe the manuscript is now acceptable for 
publication. 
 
We are truly pleased to learn that the reviewer found our revision satisfactory and that it 
now better defines the scope and objectives of the work. We also greatly appreciate the 
reviewer’s positive recognition of the added experiments, strengthened statistical 
analysis, and improved error reporting. 

Reviewer #4 (Remarks on code availability) 
The associated repository is well-documented, featuring a comprehensive README 
that provides a clear, step-by-step installation and setup guide for the package, the 
MCP server, and the LLM provider. The authors have also included an IPython 
notebook to facilitate testing of the core functionalities. Furthermore, a graphical user 
interface to executed a simulation is provided to the user. Most importantly, the inclusion 
of the "long" prompt (mentioned in the manuscript), initial crystal structures, and 
configuration files ensures the study’s results are fully reproducible. 
 
We thank the reviewer for their thoughtful evaluation of the code and documentation. 
We are glad that the released repository and accompanying materials support the 
transparency and reproducibility of this work. 
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