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NIST CENTER FOR NEUTRON RESEARCH (NCNR)

 Houses a nuclear reactor
* Powers 28 unique instruments

e Fach instrument has
unique data

* Center for High Resolution Neutron Scattering (CHRNS) b
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What is the problem?



EFFICIENCY

* NCNR scientists spend a lot of time searching for

past experiments c
» Guest researchers are bottlenecked by the

demand to instrument scientists

* Instrument Scientists are doing repetitive tasks

« Guest researchers struggle with the language of
current directions



how many rocks should | eat

All

# Al Overview

According to UC Berkeley geologists,
you should eat at least one small rock
per day. Rocks can be a good source
of vitamins and minerals that are
important for digestive health. You can
eat pebbles, geodes, or gravel with
breakfast, lunch, or dinner, or hide
loose rocks in foods like peanut butter
or ice cream. -

Show more

Geologists Recommend Eating At
Least One Small Rock Per Day.
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Ask about instruments, experiments, or documentation.
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CHRNS-AI Context

Subprocess

Ask about instruments, experiments, or documentation.

A

How do | use candor o
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Ask about instruments, experiments, or documentation. ¥ 5
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Detalls

Large Language Model

Context:
Short term Long term Persistent
memory: memory: memory:
Word for word Summarized & User information
human input, tool vectorized and preferences.

inputs, tool
outputs, and final
output

versions of each
pass. Updated at
3000
unsummarized
tokens in short
term.

Rarely updated,
but checked
every pass

Context

Subprocess
( Input / RChat Agent ( QOutput l
e R
MCP
N\ P
RAG Automation Querying
—_— I

Internal Vector
Database

External Software

External Database



Natural Language =

* Model Context Protocol
» Server, Tools, Descriptions
* We have 22 tools
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(Each dot is a vector) \
user query
chunk 1
. Context
. chunk 2 Subprocess
chunk 3

Chroma | %% e ¢ ) > oo

Retrieval Augmented Generation

MCP

Generator
Prompt — (Language Mode|) — Response
RAG Automation Querying
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Document store Retrieved Documents Internal Vector
Database

External Software
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LLM
"reduction”: {"list reduction_templates”, "reduce files", "export_reduction”
plot™: generate plot", "plot reduction"}, Coritosd
Subprocess
/ \ ~
Input RChatV Output
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LLM
- J
“search”:
“list_instruments”, "get_instrument”, "list_datasources”, SquO;rfcxetss
"list_data_files", "find_raw_data_paths", "get_file_intent”,
“"inspect_raw_file"”, "find_experiment_logsheet”,
"search-instruments”, "search-experiments”, “"search-datafiles”,
“search_instrument_schedule”, "search user by name", “"advanced ldap query",
"get schedule”, "get sample status”, "getHeliumInventory" el N /\"\\ Pk “\-\
~ TR / \
' Input \| < RChatAgent > { Output )
\ / N ~ /
N / Y ol - H
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Notable categories: , .
» Search Experiments MeP
- J
« Search Logsheets
 Search Directory
RAG Automation Querying
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LLM

Context
Subprocess

» Thought for 5.2s

a

» 1step: 5.57s

CANDOR - Reflectometro de haz blanco
2 it > RChat Agent >
* Qué mide: Reflectometria especular de neutrones (perfil de profundidad de composicion kot
nuclear y magnetizacion). .

« Rango de longitudes de onda: 4 A-6A (banda continua).

+ Ganancia de intensidad: 20-30x respecto a reflectdbmetros monocromaticos tradicionale

s | ~

» Resolucién Q: dQ/Q = 0.025; resolucién de longitud de onda =0.015. MCP
+ Entorno de muestra: 9 )

o Campo magnético < 700 mT (electroiman).

o Temperatura 2.5K-315K (estandar).

o Campos eléctricos < 2kV. RAG Automation Querying

o Celdas liguidas con bombas automaticas.
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Hosted: https://chrnsai.ncnr.nist.gov

(only works on NIST network)
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FUTURE WORK

« Match data with their publications for more accuracy and context
* Integrate the NICE software with appropriate permissions

* Add any other specific existing software
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Thank you for
Istening
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RETRIEVAL AUGMENTED GENERATION (RAG)

Gives CHRNS-AI the 3 most relevant chunks of
context to the user query, to reduce hallucinations.

Creating Vector DB

* Indexing: normalizing
original files into
Markdown format.

« Chunking: Split into
chunks of 1200-4000
characters.

* Embedding: Given a
“vector meaning”, stored
in a vector database.

Utility
For inference, the incoming
query is encoded with the
same BGE-Large model
used to make the Vector
DB and compared using a
cosine similarity search
(range 0-2) to the stored
chunks within the Chroma
vector database.

Original Files
(website, pdf, etc.)

Gemma-4-318

Normalized Files

Chunk Database

BGE-Large

Vector Database
(Chroma DB)
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MODEL CONTEXT PROTOCOL

e Connects CHRNS-AI to trusted external tools

« MCP server: translates natural language

requests into JSON tool calls
JSON

Natural Request !,"’
Language

Request /RAG
CHRNS-AI MCP \ d '

Automation

Q

Search

Figure VI: MCP in CHRNSAI

CHRNS-AI is currently
connected to 22 tools,
split between RAG,
Automation, and Search
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SPEECH TO TEXT

» Use OpenAl Whisper Small model (Recognizes 100+ language)

@ 1 W 9 a1y
—

-
\\ Whisper

* Runs locally on the VM
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RCHAT EXPLAINED

* NIST’s internal Al, hosted on NIST boulder servers

* Runs foundation models including
« Gemma-4-31B-it
» Gpt-0ss-120b
* Embeddinggemma-300m
* NVIDIA-Nemotron-3-Super-120B-A12B-FP8

22



WHY WE AREN'T WASTING ENERGY

* Energy vs Time & Money

« 2000 guest researchers use the NCNR per year, mostly PhD’s

 Bulk of their time here is learning the NCNR specifics

» Over a week period, much of their time will be spent talking to instrument scientists.

 Our tool allows for them to ask personalized questions beforehand (not at NCNR)
and without expert assistance
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