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Generate Failure Mode and Effects
Analysis for a new asset : “Pump —
Vertical Closed Coupled”

|

Chat-of-Thought (Multiple Collaborative LLM Agents)

Initialize Assistant Agents -

Context Discovery -

The industrial asset
4h class in question is a

Pump - Vertical - Close
o Facilitator Coupled .
td
- ) ... identify and prevent
. (] potential failures in a
system or asset before
SkiE they occur....

3 A pump is a device that
Y  moves fluids or gases by
s mechanical action. The
eliability N
Engineer MAin components are ...

2 We have identified the
[ following potential

° - @ ouality  failure modes: ...

Engineer

Define Name, Skill, Description and System
Message for each external agent

Generate understanding about the task
at hand from different perspectives

Agents communicate with each other
via Questions (instructions)

Multi-Round Template-driven-Routing (*)

Chain of Interactions
? Question Assignment Agent routes a
question to the right persona by
leveraging LLM'’s ability to understand
the question context and persona’s skill
using the Internal-Thought Template

2 el
G

3 . repeat

1. Selecta Question >

Facilitator Agent selects a
question from Store

2. Assign to Persona (*) >
Question Assignment
Agent identifies a
persona(s)

3. Generate Response >
Identified personal(s)
generates an answer

4. Prepare Summary >
Question Summary Agent
summarize the answer Pump

ya Downstream application:
S FMEA Generation

Fail Failure Failure Failure
Location Mode Cause Effect
Mechanical Worn out
seals

Leakage

Generated responses are leveraged to prepare
an FMEA Table for given Asset
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