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Why a tutorial series — and what it covered

Rationale

Rapid, uneven adoption

LLMs are already in active use across science, engineering, and
operations at BNL, code development, idea generation, writing
assistance. Adoption is uneven across staff, and growing fast.

Source d: https://www.w orklytics.co/blog/top-ai-adoption-challenges-
and-how-to-overcome-them

CONFIDENT GUEss Real productivity gains, real risks
+10 POINTS

We've seen meaningful productivity gains, but the risks are
poorly understood: hallucinations, data leakage, false
confidence, safety and security concerns.

Genesis Mission

DOE's Genesis Mission aims to transform Al for science,
and LLMs are becoming a crucial part of that
infrastructure. Staff need to know how to use them
effectively and responsibly.

Sourced: https://www.lakera.ai/blog/guide-to-hallucinations-in-large-
language-models
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Course structure : evolved in response to participant
interest =002

Agentic systems |
Frameworks & use cases .
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Phase 2 - Use cases + access
Grounded in real use cases at BNL
S5 S6 S7 S8
Think Conflux Foundation Models|| Policy + Access VISION
Decades-old Panda, FM4ANPP ITD: ChatGPT Ent., Agentic Al at
physics problem at sPHENIX Copilot 365 NSLS-II beamlinesj
4 N
Phase 1 - Foundations
Building shared vocabulary
S1 S2 S3 S4
Fundamentals Practical Use-WebUI APls RAG
LLM basics + ChatGPT, Gemini, Azure Al Foundry, WebUI + local impl.
prompt engineering Claude, Copilot programmatic Case: RHIC data
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A practical toolkit for using Frontier Al and LLM models

Prompt Engineering
Highest leverage, lowest barrier

WebUI chatbot demos

Practical applications and failure modes

Retrieval-Augmented

Generation
Grounding in your own data

0 API Integration

Beyond the web Ul

Institutional Context
Which tool, which data, which policy

Structured prompting, TRACE framework,
role/format/context.

Showcasing frontier model WebUI interfaces. General
settings and best practices were demonstrated using
practical demos

The practical answer to "can | use this on my documents?”
Demonstrated with RHIC data preservation. Hands-on with
Python + Colab.

Azure Al Foundry access to frontier models. For users
ready to embed Al into pipelines, scripts, and workflows.

Knowing what's sanctioned (Copilot 365, ChatGPT
Enterprise via ITD, lab Azure) — and what's not.



Participant Feedback: Rapid, uneven adoption!

Active poll 102 &

How often do you use LLMs?

Several times a day

Ry 3,75

Several times a week
19%

A few times a month
8%

Never
6%

Occassionally
5%

@ Active poll 84 &

What are your main concerns or challenges with using LLMs?

Not good at making multiple-step decisions

Security hallucinations

i Which model to use Incorrect
Users' attention to detail COmpRANes

comprehensive No having APl access Speed Privary

Security of data Subscription fee locally hosted Enes

data Role playing

Power hungry Unfamiliar

ACC U racy safety

inaccurate

Jailbreaking conclusions efficiency Pl‘ivacv

Reasoning

Payingforit  pata security Tokens limit

_ Security Trust
being wrong fake y Vendor lockin
) errors

reinforcement

: : = Mone
whether the data we put in being used ti feed other LLMs Relevance y

Loopy irresponsible consumption of electricity Job retention

Overconfidence Proper promting Jaggedness

82% of attendees use LLMs at least weekly — and their top concerns
are trustworthiness, security, and how to use them effectively



Participant Feedback: Fluency is not correctness!

How well did the LLM work for the easy to intermediate tasks? How well did the LLM work for the hard tasks?
54% 53%

38%

18% 18%

6% 6% 6%

| | @ @ L © (1)
1 2 3 4 S
Easy / intermediate tasks: Room utilization from CSV - Hard tasks (rated 3.0) Multi-omics dataset integration -
Meeting notes — action items - Batch file rename script Debugging a subtle numerical bug - Literature review with

verifiable citations

Reliability tracks complexity, not domain. The harder the task, the wider the trust gap




Participant Feedback: From users to builders

S1 - "What is this?" S2 - "Does it work?" S3-4 - "How do | deploy this?"

"What Al tools are available to us "Are we supposed to trust this on "How do | match model choice to

as members of the lab?" the first try?" available hardware?"
"How can | use specialized "What data are we allowed to "What key management tools are
models like BioGPT?" provide to the LLM?" recommended?”
"How is this more efficient than a "How does it choose which "Techniques for ingesting our
Google search?" model to use?" arcane data formats?"

(® Access & policy - ¢) Productivity & verification - § Applying it to my work
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Attendance: strong sustained interest from a mixed audience

S1: LLM Fundamentals
& Prompt Engineering

571

unique Zoom attendees across the series — ~12%
of BNL staff reached.

S2: Practical Applications
of LLMs

S3: Interacting with LLMs
through APIs

S4: Retrieval Augmented
Generation (RAG)

~300

attendees at S1 and S2 — fundamentals +

S5: Think Conflux practical use

(Scientific case studies) Operational + scientific staff both well represented

S6: Foundation Models
for Experimental Physics

S7: Al Resources
& Policy at BNL

50+ min
median Zoom duration on a 60-min slot

S8: VISION 58
(Agentic Al at NSLS-II) I Zoom

B [n-person

0 50 100 150 200 250 300
Attendees




What worked and What can be improved

What Worked

Accessible content- Slides shared
through Indico and Video recordings
made available

Interactive format Live Slido polls,
demos, and real-time Q&A throughout
each session.

Office hours Held between technical
jumps (post-APls, post-RAG) to catch
people up.

Calendar invites Helped increase
participation

C 0 I -

More hands-on time Attendees felt rushed
during follow along demos

Local Python environment setup Not
equally easy for everyone

Balanced content for scientific vs
operational audience Attendance attrited
as content technicalized

Clearer cost guardrails and policy
guidance




Building Al fluency
means more than
building trust.

LLM APPROACH HIERARCHY: STRATEGIC SELECTION

ol

RAG COMPLEX

& (RETREVAL  FOUNDATION e €2 ) FINE-TUNING
WEBUI AUGMENTED MODEL \
PROMPT GENERATION)
ENGINEERING
APPROACH: I "
Sl It means building

LEARNING MODEL/LLM
SIMPLE ‘ ) ~

o N : judgment about
V) 7 SeraNgT = which approach fits
BASIC DATA B (C NSOV | AceNTs & Wthh prO blema

(e.g., Structured DB) - Y (RETRIEVAL- - & - S & 77 | MULTI-AGENT
/ t SENERATION = > a n W e n a S i e r
_‘ correct . GENERATION) S o7 d h p I
effective solution — COMPLEXAPI ‘ I I I
i == = & WORKFLOW

: \ ORCHESTRATION O n e WO u I d h ave
|\ done.

Created with Gemini Nano banana
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