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Integrating LLMs into System Automation (B1)

Dashcam
Video
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Query

* We provide a Transformer-
\, — based encoder (CLIP) to extract
— i eation|  Teatures from the video footage
as well as network saliency
map

* We merge the extracted
features from each frame of the
video using temporal pooling to
come up the final visual
representation

Projection to text domain
y
Large Language Model

* This pooling layer also projects the visual representation into the text domain

* An LLM (e.g., ChatGPT) can provide users with an accurate explanation for the decisions of
the automated system
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* A computational problem can be challenging for

Quantum various reasons: the problem might involve the

1 processing of voluminous data, or the problem
TCCth ques for might be inherently difficult (e.g., NP-hard).
Speedlng Up * Traditional Parallel Computing helps.
Computations * If P is the number of processors used, the
maximum speedup we can get is P.

* There are problems (e.g., training LLMs) that

(Sanguthevar

Raj asekaran, require massive parallelism.
Walter Krawec . * Quantum Computing offers the promise of

exponential (in the number of qubits) speedups!

3ing Wang)




Quantum Techniques

(Sanguthevar Rajasekaran, Walter Krawec, Bing Wang)

* Quantum mechanics allows a qubit to be in a superposition of multiple states at the
same time.

* If we have a system of n qubits, then there are a total of 2™ possible joint states for
the system. This quantum system will be in a superposition of all of these possible
states simultaneously.

* Many of the problems involved in materials discovery, health care, and human
performance are very complex and intractable.

* We propose to create novel quantum algorithms for solving these challenging
problems.

* In our recent work we have created the state-of-the-art quantum algorithms for
particle simulations.
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networks from molecular dynamics simulations. Figure
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Intelligent Systems Lab (J1)

Bring Intelligence to Robotic Systems and Make them Accurate, Efficient, and Secure

" Word Embedding
® Language Modeling
® Machine Translation

® Self-supervised Learning
" Adversarial Defense & Attack
" Energy-based Models
" Explainable Al

" Point-cloud Analysis

S Robotics

Computing

" Model Compression

. =" LLMs/VLMs for Roboti
" FPGA, NVidia Jetson s/VLMs for Robotics

" Object Navigation
" 3D Object Detection
® 3D Scene Representation

® Parallel and Distributed Computing
on CPU and GPU Clusters



Example Research Demo

* Networked Drones for 3D Perception

hormg/isl/Docurnents/AirSirmndsattings json

4n03_150 - ObjlD 7

Demo website: https://huiyegit.github.io/UAV3D_Benchmark/



https://huiyegit.github.io/UAV3D_Benchmark/

Bioinformatics and Biotechnology

7~

J  Understanding the evolution of various biological entities (Mukul Bansal)




Integrating genomic data to i1dentify candidate

biomarkers and building phenotypic predictive
models for cancer studies (Sheida Nabavi)

Prior biological info.
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Al-based Video Analytics for Intersection Safety and
Operations (Ka1 Wang)

The major goal of this research 1s to investigate and develop computing algorithms to analyze
camera and video data for intersections in CT, using modern Al and computer vision
technologies. The project focuses on analyzing both traffic operation information and traffic
safety metrics, to help CTDOT better optimize the signal phasing to maximize capacity and
minimize delay and 1dentify driver behavior 1ssues and improve safety for intersections.

=

—— ]
cnii o - T © FRERTT] P

st ' =3
- —— 2
N1
[TTN2 L Tal N

1]

Type
£2s (2s-5s] =3s (3s—6s]

|
LR

1 4 79 40
10 1 23 17
17 28 47 47
28 50 40 67
1 0 19 13
14 13 " 19
13 13 " 4
10 4 34 55
44 34 34 43
10 14 19 29
52 88 43 55

Conflict
Type

20 7
8 16

51
[ AT
P1

N1
[T Tt fe Tl

1]
8

& o - & o

©C O O = O =
S O B O B



Learning and Optimization for Safety, Efficiency, and Robustness of AI Systems

Fei Miao, Uconn School of Computing, Pratt & Whitney Associate Professor, fei.miao@uconn.edu,
https://www.linkedin.com/in/fei-miao-76964727/, www.feimiao.org, https://scholar.google.com/citations?user=fH2YF6YAAAAJ&hl=en
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N LLM -+
< t
o . R Environment 5| |# <
mEmo—— . i & M
l l \ Raw State +
LLM (Claude 3.5) ——— LLM(Claude 3.5) st X g & Vision “Layer
| ' d Encoder Router
lE s LLM Generated Planning Function \ Fli“—".w-lfi ‘ Actions + *
e i O . Imace .
: ::z;g" L Reward Function —— g TeXt
Computer vision (2D and 3D, object detection and tracking) and
uncertalnty quantlﬁcatlon: 1Improve accuracy and reduce uncertalnty. : Lemnable Dyriamic Routing
Mixture of LoRA
i e Experts Layer Pretrained E Mixture of
; ' ; Weight D LoRA Experts

LLM, VLM (Vision-Language Foundation Model) and Al Agent:
LLM for multi-agent coordination; vision-language-action model (VLA);
Efficient fine tune algorithms for LLM, VLM, VLA (2~8 GPU)—with open-source

i - - pretrained model (Llava, Qwen), fine tune Al agent with local/customizable datasets
Reinforcement learning (Multi-Agent), Safe RL, Robust RL: according to specific user needs.
First open-source robust multi-agent RL on robots--theory, algorithm design, and L.
hardware demonstration; improved safety, system efficiency, and resiliency, Sponsor: NSF, DOT, DOE, Nvidia, Qualcomm,

validated on hardware. etc.
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Deciphering Sensor Reading Noises in Complex Wastewater
Environments Using Real-Time In Situ Hybrid GenAl Wastewater-
Sensor Entity

Xingyu Wang, Zhiyuan Zhao, Samuel Rothfarb, Shan Lu, Lucy Temple, Yutong Yang, and Baikun Li*

Cite This: https://doi.org/10.1021/acsestwater.5c00510 I: I Read Online

ACCESS | Ll Metrics & More | Article Recommendations | Q Supporting Information

Wastewater-

ABSTRACT: Current wastewater monitoring relies on generic sensor denoising, lacking
the ability to distinguish noise types arising from wastewater complexity. Decoding this
complexity demands identifying, quantifying, and separating noise sources within raw
sensor data sets, underscoring the need to shift from sensor-focused denoising to an
integrated wastewater—sensor framework. With NH," ion selective membrane (ISM)
sensors as the target, we defined wastewater complexity comprising solids, targeted
contaminants, and physical fluctuations, processing sensor noises as the electrochemical
fingerprints for distinct wastewater complexity groups. We developed an innovative
tridomain (time, frequency, and independent component) data processing approach to
decompose monodimensional raw noisy sensor readings into multidimensional sensor
data consisting of noise-free sensor readings and three-component noises (sensor reading
drifting, impulse, and background noises). Furthermore, we achieved in situ predictive
noise categorization through a variational autoencoder (VAE)-based generative artificial
intelligence (GenAlI). Our VAE-based GenAl wastewater-sensor entity reduced
wastewater-induced drift, impulse, and background noises from 9.33, 0.34, and 0.08 meg/L to 2.8, 0.13, and 0.0003 mg/L,

ACS Publications O

3 Most Trusted. Most Cited. Most Read.
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i Environmental Research
HenvE Volume 275, 15 June 2025, 121401

Multi-agent large language model
frameworks: Unlocking new
possibilities for optimizing
wastewater treatment operation

Samuel Rothfarb

School of Civil and Environmental Engineering, University of Connecticut,
Storrs, Connecticut, 06269, USA

Mikayla Friday

School of Civil and Environmental Engineering, University of Connecticut,
Storrs, Connecticut, 06269, USA

Xingyu Wang

School of Civil and Environmental Engineering, University of Connecticut,
Storrs, Connecticut, 06269, USA

Arash Zaghi & =

School of Civil and Environmental Engineering, University of Connecticut,
Storrs, Connecticut, 06269, USA

Baikun Li & =

School of Civil and Environmental Engineering, University of Connecticut,
Storrs, Connecticut, 06269, USA
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Wastewater Treatment Plant Complexity

Good: Traditional Machine Learning Models
‘/ Machine Learning madels can help to identify patterns and
optimize wastewater treatment.

3 They may not respond well to anomalies or outliers.
¥ output can be difficult for humans to understand.

v

v
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Better: Large Language Models
LLMs can deal well with large amounts of data and can respond
well in the face of anomalies.
LLMs can facilitate interaction with humans.
A single LLM can be wrong, and may lack soma of the numarical
robustness of traditional ML models.

Best: Multi-Modal Multi-Agentic Frameworks
Leveraging the power of multiple LLMs, as well as traditional ML
madels, in a Multi-Agentic framewaork, can greatly improve problem-
solving abilities in wastewater treatment.

Figure 1. (a) Complexity of WWTPs at each stage. (b) Comparison between existing algorisms and
multimodal, multi-agentic LLM frameworks in the context of complex environmental systems.

(a) User Query

| see excessive
foaming in my
aeration tank?
What should | do?

Single LLM Call

- leml
[ ]

«Evaluates limited information
given to produce generic advice. =g
a «ldentifies increased aeration can

reduce foaming

Generated Response

@ Reduce aeration to
prevent over-foaming,
check influent for
grease or surfactants.

3 ./ Communi
Plant Images

Tools

His orrir.alinata Kinetic Models
with RAG

Microbial

Characterization

MLA
. Lig_e‘ratt_uralI
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il Knowledge

with RAG

identify sludge bulking.

a a
Data Analyst
« Structures historical data
relating to sludge bulking.
*Feeds that newly structure
data to a MLA to find
anomalies in sludge bulking

given the environmental
conditions.

*Passes informed
recommendations to the
decision maker.

\_
-
b)  User Query Multi-Agent LLM Framework Generated Response+
Chat Conversation
e e _, e & (@ e
;c;argqtl.gﬁ It::g m @ —> a likely zlﬂdge bulking
What should | do? a a ala a a issue due to heavy
Problem Identifier ~ Analyst Supervisor Decision Maker foaming, excess
Weather In-situand  +Spots excessive foaming *Consolidates anomalies, *Runs final checks and filamentous growth,
Conditions, . Ex-situTests i, o/z/ifier jmages. data trends, and research assesses the analysts and an unexpected
il *Examines other inputs to findings from the analysts. recommendations. drop in DO levels. |

a a
Research Analyst
« Searches academic
publications, literature,
institutional knowledge for
sludge bulking treatment.
*Writes several

recommendations to curb
sludge bulking.

*Decides to advise an
increase in aeration of

15% to boost DO fevels. ) in aeration by 15%. )

vy
~

recommend you
implement an increase

Ok, should | also
adjust the sludge
recirculation rate?

@ Aslight increase
in sludge recirculation
may help manage
filamentous bacteria.

We suggest raising it
by 10% and monitoring
clarifier performance
for signs of bulking.




Chemical and
Biomolecular

Engineering

 Matthew D. Stuber: ML models for
optimization and decision-making

applications such as control systems.

* Dan Burkey: LLMs and PLMs for
scalable qualitative data analysis for
assessment of student
textual/narrative responses.

e Brian Willis: Quantum —
Nanofabrication strategies for single
photon sources.

* Anson Ma: Autonomous
optimization of inkjet printing
through machine learning (with
Q1an Yang)

15



Materials Databases and Informatics

Al-based analysis of microstructure Al-based image/data processing

using X-ray diffraction data

for microscopy analysis
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Parameter
Selection
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Graphical &
Numeric Output

Image
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Output

Jankovic Research Group

Computer Vision for High-

throughput Analysis

Office of 1
SCIENCE About Us INITIATIVES

FUSION ENERGY SCIENCES

Al Helps Scientists Quantify Irradiation

O e
“The Al Defetct let models E
outperform hurman experts a
perceiving radiation defects in
advanced microseopy iméges,
| helping to design matetialsifor,
=\nuclear reactors.” =%
o s

<prof.Yuahyuan Znc

L

rof: o
Uni Col n‘eicvutt. ;

ersi
;

3

<

Zhu Research Group



School of Business

* Wei Chen: Generative Al for Business

* Sudip Bhattacharjee: Al/ML, data-driven
operations, policy analytics

* Chen Liang: Algorithmic bias, Al and future of
work

» Karen Xie: Al in marketplaces (e.g. Airbnb,
Zillow)

« Ramesh Shankar: Big Data analytics & social
media Al

* Debanjan Mitra: Al’'s impact on marketing,
innovation, strategy

* David Bergman: Constraint Programming;
Quantum annealing and combinatorial
optimization

* Carlos Cardonha: Quantum optimization and
machine learning

* Curriculum and Talent Pipeline; Partnerships
and Applied Projects; Ecosystem and Engagement
Opportunities

17



Benchmark quantum algorithms for fluid dynamics problems

Quantum encoding of tridiagonal matrices .
Ay =IRA, 1+ (XQIPUTD) | o B (-1 ) SH(XPTeY ) | (Xer® )

Quantum expectation estimation

((0)| HIp(0)) , "1

Classical optimization

min(t(0)| H|+(8))

—

Variational quantum eige

t=0

Appllcatlons Aerospace Chip Cooling, Oceanography

[n/2]

s
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nsolver Supported by UConn Quantum Innovation Seed Grants,

NASA Connecticut Space Grant Consortium, IBM quantum credits

Dr. Chang Liu
chang_liu@uconn.edu

Research Areas:
Fluid Dynamics; Control;

———————————————————————————————————————————————————————————————————————————————————— = Turbulence; Al; Quantum

@

Probing the Critical Point of AI Reasoning:

Benchmarking LLMs at the Frontier of Physics
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71 composite research challenges.
Created by 50+ physics researchers.
Cover broadly the physics research areas.

Technical Report:
(https://arxiv.org/abs/2509.26574)

Website: https://critpt.com/
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Al/AE Assisted Semiconductor Identification

UConn Team

Ali Bazzi Electrical & Computer Engineering
Necmi Biyikli Electrical & Computer Engineering
Georges Pavlidis School of Mechanical, Aerospace &
Manufacturing Engineering
. . L Qian Yang School of Computing 2
UConn in partnership with industry, federal  vuanyuanzhu Materials Science & Engineering
laboratories and other universities is Mehdi Anwar Electrical & Computer Engineering

leading an effort in Artificial Intelligence m

(AlI/ML) assisted material identification
and autonomous experimentation (AE)
targeting semiconductors. The application
specific identification of semiconductors, -
targets reduction in concept to market time~ *
to 3-years or less. =

J1109UU0

Contact: Mehdi Anwar
Electrical and Computer Engineering, UConn

Email: a.anwar@uconn.edu
@ Copyright © 2025 - Connecticut Power Electronics



Physics Department

* Richard Jones: Al to advance state-of-the-art simulations of particle interactions from high-
energy collisions.

* Andrew Puckett: AI/ML to improve the charged-particle track reconstruction in the
environment of nuclear accelerator-based experiments.

* Tom Blum: ML to Eredict parts of QCD correlation functions from different parts to
dramatically reduce the cost of numerical simulations.

* Cara Battersby: ML to measure the 3-D structure of our Galaxy’s center and to understand the
mechanisms that control the star formation, black hole feeding, etc.

* Xian Wu: Training a GPT model to generate isomorphic multiple-choice questions for intro
physics courses.

* Pavel Volkov: Quantum materials and devices, focusing on superconductivity and
superconducting devices.

* Simone Colombo: Uses ultracold atoms and light to probe the fundamental limits of quantum
mechanics

* Gerald Dunne: Studies quantum entanglement entropy in quantum field theory, in particular
studying how thermal entropy can be converted into entanglement entropy.

* Kyungseon Joo: Studies quantum entanglement entropy in quantum field theory, in particular
studying how thermal entropy can be converted into entanglement entropy.

» Jason Hancock: Leads the development of a UConn Quantum certificate

20



Quantum CT and UConn Physics
Quantum Materials

M. Jain — multiferroics+ magnetism,

Synthesis, bulk magnetic and magnetotransport
measurements (2-400 K, up to 9 T)

3 ~n [
E A |
o 2} . |
\2/ I 0 E Wi |
E |
N

N

0 5 10 156 20

Temperature (K)

A. Balatsky — dynamics multiferroics, superconductivity,

Nature 628, 534-539 (2024).

[.Sochnikov— quantum sensing, magnetism, Femtotes
DC magnetometers,

Single-microwave-photon

Single crystal NdSb,

5
#
T a
% i - -

Phys. Rev. B 112, 104430 (2025)

P. Volkov— 2D and Moire Materials, Unconventional
and high-TC SC, Light-induced phase transitions

€15
~

Banerjee, Nature (2025), Volkov et al., PRL (2023), Kaplan et al. PRL (2025)



UConn Health Center:
Quantum

* Nuclear magnetic resonance (NMR) .
spectroscopy utilizes the quantum-mechanical
properties of nuclear spin systems in molecules
to probe their structure, dynamics, and
1nteractions.

* UConn is the lead institution for a $40M NSF
mid-scale grant for building a national
Network for Advanced NMR, democratizing
access to high magnetic field instruments for
applications in biomedicine, chemistry,
and materials science.

* Advances in quantum sensing are needed to

address the most challenging applications of
MR, gimg app

* Research at UConn Health 1s exploring
stochastic NMR that exploits parallel excitation
of quantum mechanical coherence transfer
pathways, a potential approach for accelerating
quantum algorithms.




UConn Health Center:
AI/ML

e UConn Health hosts the National Center for Biomolecular NMR
Data Processing and Analysis, an NIH Biomedical Technology
Research Resource.

* The NMRbox platform developed by the Center provides AI/ML
resources to the US biomolecular NMR community:

>

VV VYV

High performance computing resources tailored for ML
(e.g. Nvidia Grace Hopper)

Provides access to ML software

Hosts local instances of AlphaFold and DeepSeek on
HPC hardware

Provides training resources for ML

Is holding an “NMR AI/ML Boot Camp” in summer
2026

23
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