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What can LLMs do

➢ GPT-4, released on March 2023. Excel at qualitative subjects: History, biology, bar 

exam, and verbal. Struggles with math, coding, and reasoning
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Reasoning Models

➢ OpenAI o1 model: released on September 2024. Significant improvement in 

math, science, and reasoning.

➢ Similar to how a human may think for a long time before responding to a difficult 

question, o1 uses a chain of thought when attempting to solve a problem
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Reasoning Models at Reduced Cost

➢ DeepSeek-R1 released on January 20, 2025 : $5.6 million, it delivers performance 

comparable to models like OpenAI's GPT-4, which reportedly cost over $100 

million to develop.

➢ DeepSeek-R1 utilizes a Mixture-of-Experts (MoE) architecture, activating only 

relevant parts of the model for each task, thereby enhancing efficiency.
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LLM with tools

➢ LLMs can be augmented with external tools to extend their capabilities

➢ Integration with tools mitigates hallucination and improves performance on 
complex, real-world tasks.

➢ Web search (Google, Bing), scientific databases (arXiv), code execution (Python 
shell), APIs (GraphQL), and libraries (Hugging Face, LangChain).
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Agentic AI

➢ Unlike traditional workflows, AI agents can define, complete, and reflect on tasks 
independently.

➢ Agents not only perform tasks but also evaluate outcomes and select the next steps 
without human input.

➢ Key capabilities of AI agents:

▪ Define Tasks: Identify what needs to be done.

▪ Complete Tasks: Execute tasks using tools and knowledge.

▪ Reflect: Evaluate outcomes to improve performance.

▪ Choose Next Task: Dynamically adapt goals and strategies.
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Applications of LLM in Research

➢ Cosientists

→ An AI copilot for chemical research (Boiko et al., 2023), autonomously 
designing, planning, and conducting complex experiments

→ Google’s AI co-scientist (Gottweis et al. 2025): automated research hypothesis 
generation

➢ LLaVA-Med, BiomedGPT, Med-Gemini

→ AI Assistants that help doctors in biomedical imaging by analyzing medical 
images and generating diagnostic reports

➢ scChat

→ AI Assistants to help stem cell researchers analyze RNA sequencing data, 
generate research hypothesis and experimental design.

➢ FaultExplainer

→ Interpret faults identified in a chemical plant by a PCA algorithm



Combine LLM with Machine Learning 
Models for

Process Monitoring

• Fault Detection: Detect if a fault has occurred 

• Fault Identification: Identify the variables most relevant to the fault 

• Fault Diagnosis (or Classification): Diagnose the root cause of the fault
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Tennessee Eastman Process

➢ TEP is an open-source simulator written in Fortran that resembles a real 
chemical process by Eastman 

➢ Time series data can be collected from over 40 sensors that measure the 
state variables.

➢ Task: From measured state variables, perform fault detection using ML/AI
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Examples of State Variables with Sensor Data

➢ Examples include feed flow rates, temperatures, pressures
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List of Potential Faults

➢ The following “faults” are created synthetically by the simulator

➢ These faults will cause the measured state variables to change from their 
normal operating conditions which further cause safety hazards. 
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Step change in reactor cooling water temperature

Step change in 
reactor temperature

➢ This fault could cause runaway reaction. The controller will increase the cooling 
water flowrate to bring the temperature down 
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Classical Machine Learning Algorithm

➢ Principal component analysis: identify the principal components where the 
data have the largest variance. The non-principal components are “noise”.

➢ Approach: singular value decomposition
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PCA

➢ The region within the thresholds represents the Normal Operating Condition 
(NOC) under random noise. 

➢ The region outside of the thresholds represents the systematic variation 
from NOC.

➢ Test statistics measure the variation in the reduced space and indicate any 
fault if the thresholds are violated.  
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Anomaly Detection Using PCA

➢ T^2 statistics: describes how far the data is from normal operating condition

Limitation: Lack of interpretation.
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Variable Contribution

➢ Motivation: identify the process variables that contribute the most to the 
fault.
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Overview of FaultExplainer

➢ FaultExplainer has a GUI to monitor all the process variables

➢ Fault detection and identification is conducted by PCA.

➢ LLM generates a fault report to explain the potential causes of the fault to process 
operators.

➢ FaultExplainer can also answer general queries.
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What’s inside the box?

LLM (GPT-4)

GUI

FaultExplainer

TEP model

Documentation

RAG

Function 
calls

User queries

Prompt templates

pca()
T_statistics()

Contrib()Code
execution

➢ LLM: the brain (coordinate user queries and all the tasks).

➢ Prompt templates: instructions to the LLM with demonstrations

➢ Function calls: conduct quantitative tasks such as PCA.

➢ Retrieval-Augmented Generation (RAG): provide external information to alleviate 
hallucination, e.g., process knowledge of TEP.

Simulation data
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FaultExplainer Demo
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Qualitative Analysis of GPT-4o and o1 Models

➢ Both models are prompted to diagnose the step change in the feed composition of 
inert B based on the top six changes in the sensor measurement.

GPT-4o

o1

O1 is able to provide a more logical and 
quantitative reasoning of the fault 
propagation, including how the control 
system reacted to the fault.
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Quantitative Results

➢ We prompt the LLMs to give top 3 possible causes of the fault based on the top 6 
contributing features

➢ PCA can identify 11/15 of the faults

➢ The success rate of identifying the root cause of the fault

 GPT-4o: 6/11 o1: 9/11
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Why LLMs fail?

➢ When the root cause is C Feed Temperature Random Variation

➢ O1-preview gives a plausible explanation

➢ However, the top six features given to the LLM are directly related to the root causes.
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Limitations and Future Improvements

•PCA Limitations: Current reliance on PCA may miss subtle or indirect variable-root 
cause relationships.
•LLM Limitations: Explanations can be overly generic or hallucinated, especially when 
input features lack direct relevance.
•Better Feature Selection:

• Integrate domain-informed feature engineering or causal inference to improve 
fault detection.

•Hybrid Model Architecture:
• Combine explainable AI with black-box deep learning for richer intermediate 

outputs to guide LLMs.
•Domain-Specific Language Models:

• Fine-tune LLMs using process data and expert knowledge to enhance 
explanation quality.

•Human Feedback Loop:
• Apply RLHF to align model outputs with user needs (e.g., operators and R&D 

scientists).
•Evaluation Metrics:

• Develop trust-based metrics for operator validation of explanations.
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➢ Code

▪ https://github.com/li-group/FaultExplainer
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