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Group 7



Project 7: Computational Design of 
Low-Cost/High-Efficiency Solar Cells
This project explores organic dye-sensitized solar cells (ODSSCs) 

as a low-cost and flexible clean energy technology.

August 15, 2025



Our Team!

Project 7 

Mohammad 
Altiwainy

Terry Nguyen Amelia MikosSophia Johnson Patricia Ladipo 



Brief Background / Goal

•Dye-Sensitized Solar Cells 
(DSSC)
•Emerging Technology
•Cost-Effective

•DSSC Mechanism

•Solar cell use organic dye 
molecules to capture sunlight 
and convert it into electricity

•DyeDB dataset

•Data Represented by:

•Simplified Molecular Input 
Line Entry System 
(SMILES)

• Vector fingerprint of a 
molecule



Our Tools and Methods: 

● Unsupervised learning - Principal 

Component Analysis (Scikit library)

● Supervised Learning: Gaussian Process 

Regression and Random Forest Regression 

(Scikit library)

● Python libraries Numpy, Pandas, MatPlotLib 

to create/process data frames and visuals



Data/Figures 

SMILES Generation 

Converting to Morgan Fingerprint

The Molecule



More Figures! 
Random Forest Regression   

R2 = 0.5589..



Challenges 

What we encountered 
● Mixed experiences with Python and libraries within 

group 
● Small bugs in the base code
● Chemistry heavy content in our project 

How we resolved
● Utilized our different STEM backgrounds and skills 
● Targeted each problem step by step
● Collaborated with mentors to resolved issues with 

the code



Conclusions and Next Steps

● Applied machine learning concepts to utilize 

dye molecules to increase efficiency for solar 

cells.

● Tested functionality, further research required 

for implementation(cost, efficiency)

● With more time, we’d learn more context of our 

chemistry-heavy project before diving into our 

data analysis.



Acknowledgments:

Thank you DOE and ALCF for this opportunity! Thank you Alvaro 
and Ashton for your help and guidance!

Sincerely:

Mohammad 
Altiwainy Terry Nguyen Amelia MikosSophia Johnson Patricia Ladipo 

Questions?
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Group 2b
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Understanding and Optimizing 
Energy Usage from HPC Centers

Isis Reverón
Natalia Mena-Santiago
Gabriela Rodríguez 
Jorge López
Daniyal Khokhar
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Presenting group 2B

Jorge Jamal López León
University of Puerto Rico 

Mayagüez
Physics Undergrad

Isis A. Reveron Ortiz
University of Puerto Rico

 Mayagüez
ChemE Undergrad

Natalia C. Mena Santiago
University of Puerto Rico 

Cayey
Chem Undergrad

Daniyal Khokhar
University of Illinois 

Chicago
CS Undergrad

Gabriela Rodríguez
Harold Washington 

College
CS Grad

fun fact: 80% of this group speaks/understands Spanish, 20% tried to (using Duolingo)



Argonne Leadership Computing Facility16

Project Background/Goal
“As there is growing demand for computing resources, HPC systems draw enormous amounts of 

energy and need to be monitored and optimized”
-HPC Bootcamp organizers

The question we want to answer is: How can we optimize the energy use to 
balance scientific advancement with global sustainability and social equity?
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Methods, tools and more!
• Jupyter Notebook → open source interactive computing environment

In this environment we had:
• Computation tools → numpy/pandas
• Visualization tools → matplotlib
• Machine Learning → pytorch
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GPU Efficiency: Which has the Best Architecture?

● Rmax [TFlop/s] – 
Max measured 
performance of the 
system in TFlops at 
max power.

● Energy Efficiency – 
How many operations 
per second for each 
kiloWatt of power 
consumed. 

● Power (kW) – Total 
power draw of the 
system during peak 
performance.
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Geographic Density of Computing Systems
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Challenges… and more challenges

Our favorite ctrl+c, ctrl+v moment:
git pull 
https://github.com/NERSC/DOE_HPC_Bootcamp_2025

Issues with installing packages, libraries etc.

Errors while running

 

https://github.com/NERSC/DOE_HPC_Bootcamp_2025
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Biggest Takeaways

location & climate

voltage & consumption

cooling system

physical components
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This wouldn't be possible without…
Project Organizers 
Paige Kinsley
Ayesha Shafiuddin

Peer Mentor 
Maricarmen Gonzalez Torres

Funding and Organizing Partners
Funded by ALCF/ANL | Organized by ALCF, NERSC, and OLCF

Project Leads
Charles Lively 
Helen He
Rebecca Hartman-Baker
Kelly L. Rowland
Lipi Gupta 
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ANY QUESTIONS?
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Group 1a



S H A P I N G  T H E  P R E S E N T  A N D  T H E  F U T U R E  O F  
S U P E R C O M P U T E R S

2025

D E S I G N I N G  A  S U S T A I N A B L E  
&  E Q U I T A B L E  H P C  F U T U R E

E MM A RON AI,  CAL EB M ORRI S ,  TR I S T IAN D IAZ -G ARC IA , J O Y W AN G,  A ly  Ayyo



2025

E M M A 
RO NA I

CA LE B M O RRI S

J O Y  
WA NG

P EE R M E NTO R J O S E R ODR IG U EZ  R IO S

A LY  
A Y Y OB

TRI S T I A N D I AZ -
GA RC IA

Group 
Members



A IM

1 . DE S IGN A  N EW  SUPE RCOM PUTER  THAT 
CAN:

a .M ax im iz e ( fu sion) sc ie nc e output
b .M in imize  ove ra l l  powe r 

co nsum ption
2 .Cre ate  a  s c hedule  mimic king  t he 

day-to -day usage  of  U N I O N ,  our  ne w 
HPC f aci l i ty

         

Project Purpose
2025

RAT IONALE

• HPC powe rs  d is cov er y but c ons ume s 
huge  e ne rgy

• Smar te r pol icie s  =  mor e sc ienc e per  
kW h + gr eat er  e quit y.



Goal: Identify what hardware should 
meet our fusion tasks

2025

I DE NT I FY  FU S I O N  TA SK  R E Q U I R E M E N T S→  CO N S U LT  E X PE R T S →  R E S E AR C H  H A R DWAR E → SO L UT I O N S

• Cost/benefit analysis of CPU/GPU 
nodes

• Utilized future Nvidia and AMD chip

Hardware



• Average power per node informs how 
many nodes we can have

• We use as many nodes as we can fit 
under 12MW

• Then we split the nodes between the 3 
node types - GPU, CPU, and HYBRID 
nodes

2025

Facility Architecture Development



Goal: To use all of the fusion capacity all 
of the time

2025

M A D W H IT E B O AR DI N G  →  N A P K IN  M AT H  →  TA SK  MA N AG E R  SC R I P T  →  V I SU A L I ZAT I O N  S CR I PT

• Two “lanes”, fusion and non-
fusion

• Fusion balanced to run at 40% 
back-to-back

• Scheduler fills bulky jobs first, 
then small jobs fit 
opertunistically

Scheduling Tasks



2025

Conclusions and Next Steps
A  FI RS T  S T E P :

• H P C A RCH I TE CU RE  
I NFO RM E D BY  
FU S I ON  RE SE A RCH  
NE EDS

• E S T IM A TE  FO R 
NO DES  REQ U IR ED 
BY  12 MW  
S U PE RC OM P UT ER

• M O CK 3 -DA Y  
S CH E DU LE

   

N E X T  S T E P S  A N D IM P R OV E M E N T S
• H I GH E R RE SO LUTI O N 

A PP RO X IM A TI O N
• O PT IM I ZE  SCH E DULE R

A VA L I BLE  
CO M P UTE



Acknowledgments
2025

• Peer mentor Jose 
Rodriguez Rios

• Charles Lively
• The entire HPC bootcamp 

staff!
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Group 4b



Argonne Leadership Computing Facility34

Short-Term Load Forecasting 
Using Machine Learning (ML)
Group: 4B

Yasmin, Marques, Kareem, Monica, Pragna
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Marques Lewis
Mechanical Engineering (Minor: 

CS)
Tennessee State University

Yasmin Sawaf
Computer Science

University of Illinois Chicago

Pragna Amilineni
Data Science + Business Analytics

University of Illinois Chicago

Kareem Amin
San Francisco State University 

Monica Zapata Villegas
Oregon Sea Grant Fellow at 

Tillamook Estuaries Partnership
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Project Overview

National Renewable 
Energy Laboratory

Short Term Load Forecasting (STLF) 
- Uses machine learning to predict the 

load or amount of energy a building or a 
unit will use in a certain period of time

Why do we need STLF?        
- Grid reliability
- Cost savings
- Efficient operation
- User insights

Data Source
- BuildingsBench platform
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Methods Used 

Hyperparameter 
Combinations

● Models
● Activation Functions
● Optimizers
● Epochs

Model Training Metrics 
● MAE
● RMSE
● R^2

NERSC Perlmutter 
● parallel processing for 

faster experiments
● handled large datasets & 

multiple runs efficiently
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Electricity Consumption in Commercial Buildings in Portugal (2011–2014)

● Data: 359 buildings, 
3M+ electricity 
readings (2011–2014)

● Total annual spend: 
$1.6 billion on 
electricity

● That’s $4.43 million 
every single day

$100 million a year

All data measured at $0.10/kWh
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If we know the spikes, we can cut the cost.

● Avoid peak-time surcharges

● Shift heavy use to cheaper 
hours

● Reduce grid strain

Model Settings R² Train Time

leaky_relu, SGD, 10 epochs 0.45 1h17m

leaky_relu, SGD, 5 epochs 0.39 41m

tanh, SGD, 10 epochs 0.28 1h19m

tanh, SGD, 5 epochs 0.10 39m
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Borealis
Best Model: NN-tanh-sgd-15
Combinations Epochs Number R² Score

1) 5 -3.61631

2) 2 -0.45123

3) 1 -56.5512

4) 8 -0.01833

5) 3 -0.54082

6) 15 0.08816

R² = 0.95 

Plot: Predicted vs Target

6)5) 4)3) 1)2)
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IDEAL: electricity meter data from 255 homes in Edinburgh, UK

Predicted vs Actual:
- trend captured; underestimation
- R² mostly negative; best ≈ 0.01 

- (LSTM | relu | sgd | 10)

Challenges:
- negative R² → poor fit
- underfitting → missed spikes
- long runtimes → fewer tests

Discoveries: 
- RNN/LSTM/GRU > NN
- activation (tanh best)
- more epochs → higher R^2 (0.95)
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CHALLENGES

• Using supercomputers for the 
first time & learning about 
machine learning concepts 

• Data Size

• Computational constraints & 
Model Selection 
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Acknowledgments
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Group 6a



Evaluating Large Language 
Models for HPC Education

Michael Manriquez, Leena Nawaz, Maria Jaiyeola, 
Justin Tchoffa, Alexis Anderson, Keegan Krawczyk,08/15/2025



Murat Keceli
Project Leader, Argonne National 

Lab

Kevin Tchoffa
University of Illinois Chicago

Maria Jaiyeola
Portland State University

Alexis Anderson
Peer Mentor

Keegan Krawczyk
Moriane Valley Community 

College

Leena Nawaz
Elmhurst University

Michael Manriquez 
Harold Washington College

Oluwaseun Ajayi
Project Leader



Train a LLM with RAG to assist in HPC education.

Project Overview



1. Import the documents to feed the RAG

2. The RAG model…

■ Reads the documents
■ Splits it up into chunks
■ Embeds the chunks into tokens
■ Stores chunks into a database

3. RAG + Question = LLM response

The Process

Hi I’m 
RAG



Results

HPC LLM CHATBOT - Colab - Screencastify - August 14, 2025 3:26 PM.webm

http://drive.google.com/file/d/1ZrAVagCQmJ5rHilkqaRlsNbes9l6AR4Y/view


➢ Running the code and multiple 
bugs 

➢ Communication
■ Different groups at the 

start and then coming 
together

➢ Large documents: hard to get 
accurate answers

Challenges Next Step

➢ Make the interface look better
➢ Train it for longer
➢ Use different LLM



Thank You

Project leads: Murat Keceli, Oluwaseun Ajayi
Peer Mentor: Alexis Anderson

HPC Bootcamp Organizers
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Group 5
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Project 5: Large Language Models 
for Science

Adam Trojak, Bhumi Choudhary, Fadzai Zivanai, 
Fatima Mora Garcia, Jason Griffith, Yumna Hussain
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Our Group Members

Project Lead: Sam Foreman
Computational Scientist

Argonne National Laboratory

Peer Mentor: Rene Montelongo
California State University: 

Northridge 

Fadzai
Portland State University

Adam Trojak
University of Illinois Chicago

Jason Griffith
NC A&T State Uni.

Yumna Hussain
University of Illinois Chicago

Fatima Mora Garcia
University of Illinois Chicago

Bhumi Choudhary
University of Illinois Chicago
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Background 
• What is LLM?

Objectives 
• Exploring how LLM’s are trained on 

Scientific Datasets

• Learn about Tokenization and Linear 

Regression

• Understand challenges in training 

Scientific Models 

• Train a Model from scratch
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Tools Learned & Used 

Platforms & 
Libraries

●  EzPz (HPC setup 
boilerplate)

Wordplay (LLM 
training)

Hugging Face 

Weights & Biases

Environments

● Jupyter Notebook

● Google Colab

● Vim (for editing 

scripts)

HPC Tools

● Perlmutter !!

● SLURM for job 
scheduling

● Bash scripts for 
requesting and 
managing 
resources
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Shakespeare Model Training 
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Shakespeare Model Training
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Challenges

Debugging 
Script Implementation
Distributed Training

Jupyter Notebooks
& Google Colab
Implementation

Algorithms
Syntax
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Conclusion & Next Steps

• Learned about Python package 
configurations in different virtual 
environments

• Fundamentals of LLMs 
• Distributed training to maximize 

performance and minimize cost of LLM 
training

Next Steps 
• Try to train larger models on different 

datasets (Ex. Genome Model) 
• Experiment with different HPC 

configurations
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THANK YOU
Sam and Rene

Thank you to everyone who helped make this bootcamp possible! 
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