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Bibliography:  
[1] https://en.wikipedia.org/wiki/Randles_circuit  
[2] Doonyapisut, D., et al. "Analysis of electrochemical impedance data: use of deep neural networks. Adv 
Intell Syst 5 (8): 2300085." 2023 , https://advanced.onlinelibrary.wiley.com/doi/full/10.1002/aisy.202300085  
[3] Cuomo, S.; Di Cola, V. S.; Giampaolo, F.; Rozza, G.; Raissi, M.; Piccialli, F. Scientific Machine Learning 
Through PhysicsςInformed Neural Networks: Where We Are and What's Next. J. Sci. Comput. 2022, 92 (3), 
88. https://doi.org/10.1007/s10915- 022- 01939- z 
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Recent advances in text - to - music (TTM) generation have enabled high - quality music synthesis, but existing 
approaches often require substantial computational resources and large - scale proprietary datasets. This 
creates significant barriers to reproducibilit y and limits the ability to train such models under constrained 
computational budgets. State - Space Models (SSMs), such as Mamba and SiMBA, provide an efficient 
alternative to Transformers by enabling linear - complexity sequence modeling. This project explores the use 
of SSMs as the backbone for text - to - music generation, with a focus on reducing training cost while 
maintaining competitive gen eration quality.  

  
The primary goal of this project is to develop an open - source and training - efficient text - to - music 
generation model that can be trained under a constrained computational budget. The project will 
investigate SSM - based architectures, including Mamba and SiMB A, and compare single - stage generation 
with a two - stage SSM/diffusion approach for efficient music synthesis. The resulting models will be 
evaluated against established baselines using objective and subjective measures of audio quality, semantic 
consistency , and text - audio alignment.  

  
1. We will base this project on the work presented in the preprint Training - Efficient Text - to - Music 
Generation with State - Space Modeling by Wei - Jaw Lee, Fang- Chih Hsieh, Xuanjun  Chen, Fang- Duo Tsai, 
and Yi- Hsuan Yang (arXiv:2601.14786, 2026), submitted to IEEE/ACM Transactions on Audio, Speech, and 
Language Processing (TASLP). 
2. Deep Learning Architectures  

o State - Space Models (SSMs), including Mamba and SiMBA.  
o Transformers and Attention mechanisms.  
o Efficient long - range sequence modeling.  
3. Generative Models & Audio Processing  

o Text - to - Music (TTM) generation.  
o Neural Audio Codecs and Residual Vector Quantization (RVQ).  
o Latent Diffusion Models (LDMs) and multi - stage generation.  
4. Machine Learning Efficiency  

o Training efficiency and computational complexity.  
o Parameter reduction and FLOPs optimization.  
o Training generative models under limited computational resources.  
5. Evaluation Metrics  

o Fréchet Distance (FD) for audio quality.  
o Kullback - Leibler (KL) divergence for semantic consistency.  
o CLAP score for text - audio alignment.  
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Acoustic Side- Channel Attacks (ASCAs) exploit unintended acoustic emissions produced during keyboard 
typing, potentially allowing sensitive information to be inferred from audio recordings. This project 
investigates how much information about typed text ca n leak through such acoustic signals under realistic 
and noisy conditions. While recent deep learning approaches use Mel - spectrograms and neural networks to 
classify keystrokes, their performance can degrade significantly in the presence of background nois e. The 
project will explore Vision Transformers for robust acoustic feature extraction and Small Language Models 
(SLMs) for contextual correction of noisy predictions, providing a practical assessment of the extent of 
information leakage and helping identi fy potential directions for protecting sensitive information.  

  
The primary goal of this project is to quantify the extent to which typed text can be reconstructed from 
acoustic keyboard recordings under realistic noisy conditions. The system will combine STFT - based 
keystroke segmentation, Mel - spectrogram representatio ns, and a Vision Transformer for acoustic character 
classification, followed by an SLM for contextual correction of noisy predictions. The results will be used to 
assess the practical severity of acoustic information leakage and identify potential measures  for mitigating 
this privacy risk.  

  
The project will be based on the methodologies and findings presented in the following research papers:  
ω Wǳƭƛŀ tǊȊȅōȅǘƴƛƻǿǎƪŀΣ !ŘŀƳ ½ȅŎƘƻǿǎƪƛΣ ŀƴŘ WŀŎŜƪ aŀƴŘȊƛǳƪΣ ά5ŜŜǇ [ŜŀǊƴƛƴƎ ŦƻǊ !ŎƻǳǎǘƛŎ {ƛŘŜ- Channel 
!ǘǘŀŎƪǎ ƻƴ YŜȅōƻŀǊŘǎΥ {ǘŜǊƛƭŜ ǾǎΦ bƻƛǎȅ 9ƴǾƛǊƻƴƳŜƴǘǎΣέ ƛƴ tǊƻŎŜŜŘƛƴƎǎ ƻŦ ǘƘŜ нлнс LƴǘŜǊƴŀǘƛƻƴŀƭ Wƻƛƴǘ 
Conference on Neural Networks (IJCNN 2026), 2026 τ focusing on robust keystroke recognition using 
modern vision architectures such as CoAtNet , MOAT, and Swin Transformer, with particular emphasis on 
generalization to realistic noisy environments.  
ω {ŜȅȅŜŘ !ƭƛ !ȅŀǘƛΣ Wƛƴ Iȅǳƴ tŀǊƪΣ ¸ƛŎƘŜƴ /ŀƛΣ ŀƴŘ aŀǊŎǳǎ .ƻǘŀŎƛƴΣ άaŀƪƛƴƎ !ŎƻǳǎǘƛŎ {ƛŘŜ- Channel Attacks 
on Noisy Keyboards Viable with LLM -!ǎǎƛǎǘŜŘ {ǇŜŎǘǊƻƎǊŀƳǎΩ ά¢ȅǇƻέ /ƻǊǊŜŎǘƛƻƴΣέ ƛƴ tǊƻŎŜŜŘƛƴƎǎ ƻŦ ǘƘŜ мфǘƘ 
USENIX WOOT Conference on Offensive Technologi Ŝǎ ό²hh¢ ΩнрύΣ нлнр τ focusing on robust keystroke 
classification and the use of Large/Small Language Models for correcting acoustically induced classification 
errors and improving text reconstruction in noisy conditions.  

 
1. Side- Channel Attacks & Information Security:  
ω !ŎƻǳǎǘƛŎ {ƛŘŜ- Channel Attacks (ASCA).  
2. Audio & Signal Processing: 
ω Cŀǎǘ CƻǳǊƛŜǊ ¢ǊŀƴǎŦƻǊƳ όCC¢ύ ϧ {ƘƻǊǘ- Time Fourier Transform (STFT).  
ω aŜƭ- Spectrograms.  
ω 9ƴŜǊƎȅ- based Segmentation.  
ω 5ŀǘŀ !ǳƎƳŜƴǘŀǘƛƻƴ ό¢ƛƳŜ ǎǘǊŜǘŎƘƛƴƎΣ ¢ƛƳŜ ǎƘƛŦǘƛƴƎΣ Dŀǳǎǎƛŀƴ ƴƻƛǎŜΣ CǊŜǉǳŜƴŎȅκ¢ƛƳŜ ƳŀǎƪƛƴƎύΦ 
3. Deep Learning & Computer Vision:  
ω /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǳǊŀƭ bŜǘǿƻǊƪǎ ό/bbύΦ 
ω ±ƛǎƛƻƴ ¢ǊŀƴǎŦƻǊƳŜǊǎ ό{ǿƛƴΣ ±ƛ¢Σ .9ƛ¢Σ 5Ŝƛ¢ύΦ 
ω IȅōǊƛŘ !ǊŎƘƛǘŜŎǘǳǊŜǎ ό/ƻ!ǘbŜǘΣ ah!¢ύΦ 
ω hǇǘƛƳƛȊŀǘƛƻƴ !ƭƎƻǊƛǘƘƳǎ ϧ [ƻǎǎ CǳƴŎǘƛƻƴǎ ό!ŘŀƳΣ !ŘŀƳ²Σ /Ǌƻǎǎ- Entropy Loss). 
4. Large Language Models (LLMs) & Natural Language Processing (NLP):  
ω 9ǊǊƻǊ /ƻǊǊŜŎǘƛƻƴ κ 5ŜƴƻƛǎƛƴƎ ό¢ȅǇƻ ŎƻǊǊŜŎǘƛƻƴύΦ 
ω tǊƻƳǇǘ 9ƴƎƛƴŜŜǊƛƴƎ όCŜǿ- shot prompting, Zero - shot prompting).  
ω CƛƴŜ- tuning & Parameter - Efficient Fine - Tuning (PEFT, LoRA, QLoRA). 
ω ¢ŜȄǘ 9Ǿŀƭǳŀǘƛƻƴ aŜǘǊƛŎǎ ό[ŜǾŜƴǎƘǘŜƛƴ 5ƛǎǘŀƴŎŜΣ .[9¦Σ wh¦D9Σ a9¢9hwύΦ 
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Seidaliyeva, Ulzhalgas, et al. "Advances and Challenges in Drone Detection and Classification Techniques: A 
State- of- the - Art Review." Sensors (14248220) 24.1 (2024). 
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Chang, Xianyu, et al. "A surveillance system for drone localization and tracking using acoustic arrays." 2018 
IEEE 10th Sensor Array and Multichannel Signal Processing Workshop (SAM). IEEE, 2018. 
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 ω Υ Φ    Gu, C., & Chen, Z. (2025). "Integrating Distributed 
Acoustic Sensing and PINN Frameworks for Enhanced Indoor Sound Source 

[ƻŎŀƭƛȊŀǘƛƻƴΦϦ LƴǘŜǊƴŀǘƛƻƴŀƭ /ƻƴŦŜǊŜƴŎŜ ƻƴ [ŜŀǊƴƛƴƎ wŜǇǊŜǎŜƴǘŀǘƛƻƴǎ όL/[wύΦ ω wŀƛǎǎƛΣ a ΣΦ
Perdikaris, P., & Karniadakis, G. E. (2019). "Physics- informed neural networks: A deep 

learning framework for solving forward and inverse problems involving nonlinear partial 
differential equations." Journal of Computational Physics, 378, 686 - 707Φ 
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   EEG             
AAD (Auditory Attention Decoding) Σ         

ύAttenion DecodersΦό 
 Σ  Thorton et al Φ   match - mismatch    

 EEG ύ     Transfer learningΦό 

 
 ύ     KUL, DTU Σόmontage harmonization Σπ 

fine tuning   AAD Φ       

  

        EEG         
      AAD Φ Υ      1 ΦZero ς Shot 

Transfer Υ Φ    2 ΦFine Tuning  Φ        
3           Φ       Φ

    Σ        Σ    
ύTransfer όΦ   Σϥ  Σ   

  
Transfer learning; pre - training and fine - tuning; match - mismatch learning; one - dimensional convolutional 
networks; EEG montage harmonization; speech - envelope processing; data - efficiency experiments; cross -
subject evaluation; cross - dataset generalization.  
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Does Better Correlation Produce Better Attention Decoding? Deep and Multiway CCA for 
Two - Talker AAD 
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CCA (Canonical Correlation Analysis)     EEG     
     π  DCCA π DMCCA (Deep / Multiay CCA) 

Φ        

          Σ      EEG  
    Σ            

Φ        

  

      Σ         
ύpre- processing όύ      ϥ  KUL, DTU Σό   

ύ   projection ό  EEG ύΦ    ό    
 Υ   Linear CCA, DCAA, MCCA, DMCCA       
ύ  cross- trial, subject - independent splitting ό Φ     

ύ   Σ     effect size Σόύ   int er-
subject alignment όύ      AAD accuracyΦό 

  
CCA, DCCA, MCCA, and DMCCA; whitening and SVD; multimodal representation learning; PCA and filter -
bank preprocessing; correlation - based loss functions; inter - subject alignment; statistical evaluation; and 
auditory attention decoding (AAD).  
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The KV cache has become the dominant memory bottleneck in large language model inference. As context 
windows extend into the hundreds of thousands of tokens, storing key - value pairs for every historical token 
in GPU high- bandwidth memory (HBM) becomes proh ibitively expensive, limiting batch sizes, throughput, 
and the practical deployment of long - context models. Recent work has attacked this problem from several 
directions: trainable sparse attention mechanisms such as Native Sparse Attention (NSA) and DeepS eek's 
token - granularity lightning indexer reduce the number of keys attended to per query; multi - precision 
quantization (FP8/FP4) shrinks the per - token footprint; and offloading frameworks such as NOSA relocate 
cache blocks to CPU DRAM under constrained tr ansfer budgets. However, these approaches largely 
optimize in isolation τ sparsity, precision, and memory placement are rarely co - designed, and the 
interaction between selection granularity (token vs. block) and offloading efficiency remains poorly 
charact erized. 

  
To design, implement, and evaluate a unified KV - cache management framework that jointly optimizes 
attention sparsity, cache precision, and memory - tier placement for long - context LLM inference. Concretely, 
the project aims to (1) characterize the accuracy ςthroughput trade - offs of token - level versus block - level 
key selection under realistic HBM budgets; (2) develop a natively trainable sparse attention variant whose 
selection pattern is co - designed with CPU ςGPU offloading constraints; and (3) demonstrate meas urable 
improvements in decoding throughput and memory footprint at matched task quality against strong 
baselines (full attention, NSA, NOSA) on long - context benchmarks.  

  
Learned sparse selection, Offloading - aware selection policy, Knowledge outcomes  
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Adaptive Recursive Depth in Looped Reasoning Models  
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Parameter sharing through recurrence has re - emerged as a promising path toward compute - efficient 
reasoning models. Architectures such as Ouro and Mixture - of- Recursions (MoR ) apply the same 
transformer blocks iteratively, allowing a model to "think longer" in latent space without growing its 
parameter count, and to allocate variable depth per token via learned routers. Yet fundamental design 
questions remain unresolved. Fully  backpropagating through unrolled recurrent steps τ as Ouro does τ 
causes training instability, requiring conservative learning rates, sandwich normalization, and hard caps on 
recurrence depth; alternatives that use stop - gradient (as in HRM/TRM - style model s) trade this stability for 
a biased training signal. Similarly, routing mechanisms that decide per - token recursion depth involve non -
differentiable top - k selections whose gradient handling varies across implementations and is often under -
documented. There  is currently no systematic understanding of how gradient - flow strategy, routing design, 
and recursion depth interact to determine model quality and training stability.  

  
To systematically study and improve the training dynamics of looped/recursive reasoning models. The 
project aims to (1) empirically compare gradient - flow regimes in the recurrence (full backpropagation, 
truncated, and stop - gradient variants) under controll ed settings, quantifying their effects on stability, 
convergence speed, and downstream quality; (2) design a routing mechanism for adaptive per - token 
recursion depth that is stable to train and calibrated at inference time; and (3) deliver a trained proof - of-
concept model demonstrating that adaptive recursion matches or exceeds a parameter - matched 
feedforward baseline at lower inference FLOPs.  

  
Shared recurrent block, Depth router, Gradient - flow strategy as a studied variable (e.g., SOT), Knowledge 
outcomes  
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In recent years Artificial Neural Networks (ANN) have reached maturity, and AI is becoming a technology 
used everywhere. ChatGPT ,  Bard and Bing have vast distribution and ANN farms are growing exponentially. 
The ANN attempts to mimic the human brain as closely as possible to achieve the best possible computing 
power. As the brain signals are analog and spikey by nature the next step  for Artificial Neural Networks is to 
implement Analog Spiking Neural networks (SNN).The aim of this project is to take a given implementation 
of a SNN network and use it to develop a solution for different applications such as EEG, GEOPHONE, 
gesture recognition , frequency analysis etc...  

  
In this project you will use python and spiking - jelly platforms to utilize an implementation of a spiking 
neural network (SNN) and research the advantages of using this network for various applications such as 
EEG, GEOPHONE, gesture recognition and others.  You will develop the code for these applications and 
demonstrate key advantages of using this implementation with our state - of- the - art SNN network vs. other 
SNN and ANN implementations. You will compare key performance metrics such as power - per- inference , 
classification accuracy , network size etc.. and show that this implementation has key advantages.  

  
In this project the student will be exposed to the spiking jelly code used for MNIST classification using our 
SNN design and based on this code will implement other applications.  
The student will also research possible key use - cases that take advantage of unused features inside the SNN 
such as VThreshold and refractory time training and look for ways to utilize these features in new 
applications , for example frequency analysis .  
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Deep learning in the temporal domain  
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AI and Intelligent Optimization for Process ςData Alignment  
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Process- guided AI: Integrating external knowledge into deep and diffusion models  
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When AI Agents Change: The Effects of Environment and Social Exposure  
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When an autonomous AI agent is created, its behaviour is shaped by characteristics defined by its 
developers. These may include its prompt, memory files, goals, available skills and tools, access permissions, 
and predefined behavioural  profile. We usually assume that these characteristics will remain stable 
ǘƘǊƻǳƎƘƻǳǘ ǘƘŜ ŀƎŜƴǘΩǎ ƻǇŜǊŀǘƛƻƴŀƭ ƭƛŦŜǘƛƳŜ ǳƴƭŜǎǎ ŀ ƘǳƳŀƴ ŜȄǇƭƛŎƛǘƭȅ ŎƘŀƴƎŜǎ ǘƘŜƳΦ IƻǿŜǾŜǊΣ ƛǘ ƛǎ ƴƻǘ ŎƭŜŀǊ 
whether this assumption remains valid after the agent operates in differe nt environments and repeatedly 
interacts with other agents. Could a risk - averse agent become more willing to take risks after observing 
successful risk- taking agents? Could a trusting agent become less trusting after interacting with dishonest 
or manipulat ive agents? Could a cooperative agent become more competitive in an adversarial 
environment, or a cautious agent become more willing to use uncertain information after seeing others 
benefit from it? These examples raise a fundamental question: can autonomo us agents develop new and 
persistent behavioural characteristics through experience and social exposure alone?  

  
The goal of this project is to determine whether autonomous AI agents evolve after being exposed to their 
environment and to other agents, even when no new instructions are provided by a human operator. Our 
lab has developed a controlled system for managin g interactions among agents and for studying how their 
ōŜƘŀǾƛƻǳǊ ŎƘŀƴƎŜǎ ƻǾŜǊ ǘƛƳŜΦ ¦ǎƛƴƎ ǘƘƛǎ ǎȅǎǘŜƳΣ ǿŜ ǿƛƭƭ ŜȄŀƳƛƴŜ ǿƘƛŎƘ ŀǎǇŜŎǘǎ ƻŦ ŀƴ ŀƎŜƴǘΩǎ ōŜƘŀǾƛƻǳǊ, 
characteristics, and activity profile change through social and environmental exposure, the extent and 
intensity of these changes, and how long they persist. We will also investigate the mechanisms that 
determine whether such changes occur, how strongly they affect the agent, and whether the agent 
eventually returns to its original behavioural profile or develops a new and stable one.  

  
Students will gain practical experience in designing and running controlled experiments with autonomous 
AI agents. They will learn how agents are defined through prompts, memory, skills, tools, and behavioural 
settings, and how these components influence t ƘŜ ŀƎŜƴǘǎΩ ŘŜŎƛǎƛƻƴǎΦ ¢ƘŜȅ ǿƛƭƭ ŀƭǎƻ ƭŜŀǊƴ Ƙƻǿ ǘƻ ŎƻƭƭŜŎǘ ŀƴŘ 
analyse behavioural data over time, compare agents across different conditions, and distinguish short - term 
reactions from persistent behavioural  change. Through the project, students will develop skills in 
experimental design, data analysis, programming, and the evaluation of complex AI systems. They will also 
gain a deeper understanding of how social interaction, feedback, and environmental condi tions can shape 
the behaviour of autonomous agents.  
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Scaling Formal Verification of Object Detection to State - of- the - Art OD Systems  
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Object detection networks must both classify objects and localize them using bounding boxes, making their 
correctness properties substantially more complex than those of image classifiers. The NFM 2026 work 
ά¢ƻǿŀǊŘǎ CƻǊƳŀƭ ±ŜǊƛŦƛŎŀǘƛƻƴ ƻŦ 5ŜŜǇ bŜǳǊŀƭ bŜǘǿƻǊƪǎ ŦƻǊ hōƧŜŎǘ 5ŜǘŜŎǘƛƻƴέ ƛƴǘǊƻŘǳŎŜŘ ǎƻǳƴŘ ŀƴŘ 
complete robustness queries for misdetection, misclassification, and overdetection, encoded intersection -
over- union (IoU) constraints as verifier - compatible neural - network layers, and  evaluated the approach 
using Alpha - Beta- CROWN. The published work deliberately focused on pre - processing outputs of 
comparatively compact detectors and identified large production detectors and post - processing as major 
limitations. This project will carry  that research forward to substantially larger and state - of- the - art object -
detection systems, with particular emphasis on the latest YOLO family and comparison with YOLO11. 
Students will construct an automated translation and verification pipeline for sele cted YOLO models, 
formally specify robustness of localization, class prediction, confidence and detection count, and develop 
scalable decompositions, bounding strategies and verification - aware model abstractions. YOLO26 is 
especially relevant because its d efault one - to - one head supports end - to - end, NMS- free inference, creating 
an opportunity to verify a more complete deployed detection pipeline while also comparing it with the 
traditional one - to - many/NMS path. The project will evaluate correctness, scalabil ity, verified robustness and 
counterexample quality on standard and safety - relevant datasets.  

  
The goal is to extend the NFM 2026 formal - verification framework from small and medium object detectors 
to modern, large - scale YOLO architectures. The project will support at least YOLO26n and YOLO26s, and 
will aim to progress to larger YOLO26 variants as resources permit. It will adapt the IoU and class - property 
encodings to the multi - scale, multi - object outputs used by YOLO, provide a reproducible export path from 
Ultralytics/PyTorch  to a verifier - compatible representation, and evaluate Alpha - Beta- CROWN and optional 
additional verification backends. The main research objective is not merely to run an existing verifier on a 
larger model, but to design sound reductions, output filtering  rules, compositional queries, bound reuse and 
architecture - aware abstractions that make verification feasible without invalidating the formal guarantees. 
5ŜƭƛǾŜǊŀōƭŜǎΥ ω ! ǊŜǇǊƻŘǳŎƛōƭŜ ǇƛǇŜƭƛƴŜ ǘƘŀǘ ƭƻŀŘǎ ǎŜƭŜŎǘŜŘ ǇǊŜǘǊŀƛƴŜŘ ƻǊ ŦƛƴŜ- tuned YOLO26 and YOLO11 
detectors, exports the verification -ǊŜƭŜǾŀƴǘ ŎƻƳǇǳǘŀǘƛƻƴ ƎǊŀǇƘΣ ŀƴŘ ƎŜƴŜǊŀǘŜǎ ŦƻǊƳŀƭ ǊƻōǳǎǘƴŜǎǎ ǉǳŜǊƛŜǎ ω 
Support for formal properties covering misdetection, misclassification and overdetection, including IoU, 
confidence - score and object -Ŏƻǳƴǘ ŎƻƴǎǘǊŀƛƴǘǎ ω ±ŜǊƛŦƛŎŀǘƛƻƴ ƻŦ ǘƘŜ ¸h[hнс ƻƴŜ- to - one NMS- free 
ŘŜǘŜŎǘƛƻƴ ƘŜŀŘΣ ǿƛǘƘ ŀ ŎƭŜŀǊƭȅ ŘƻŎǳƳŜƴǘŜŘ ǘǊǳǎǘŜŘ ŎƻƳǇǳǘƛƴƎ ōŀǎŜ ŀƴŘ ǎǳǇǇƻǊǘŜŘ ƻǇŜǊŀǘƛƻƴǎ ω ! ǎŎŀƭŀōƭŜ 
query - decomposition method f or multi - scale and multi - object detector outputs, including sound 
candidate - box selection or over - approximation  

  
Object Detection methods  
Formal verification  
AI Engineering  
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Hybrid AI and Mathematical Optimization for Solving Visual Tiling Puzzles  
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Visual tiling puzzless  require arranging a fixed set of geometric pieces so that they cover a target silhouette 
exactly, without gaps or overlap. They combine visual reasoning, combinatorial search, geometry, and 
optimization, and provide a compact but challenging benchmark for  comparing artificial intelligence with 
exact mathematical methods. This project will design and evaluate AI - based solvers for both continuous 
puzzles and grid - based puzzles, compare them rigorously with mathematical optimization and exact -
search methods, and investigate hybrid algorithms that combine learned guidance with exact reasoning.  

  
The goal is to develop a unified experimental framework for solving Visual puzzles using AI, exact 
optimization, and hybrid AI ςoptimization methods. The project will determine where each paradigm 
succeeds or fails, and will design hybrid techniques in whic h AI predicts promising piece placements, variable 
orderings, decompositions, ,  while an exact solver enforces coverage, containment, non - overlap, and piece -
usage constraints. The final system should provide solutions, visualizations, runtime statistics.  

  
Optimization, Formal Reasoning, Deep Learning, Tiling Algorithms  
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Diverse Sampling of 3D Artifacts  
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In the setting of diffusion and flow matching models, diverse sampling has become increasingly important 
for casual and professional users alike. Specifically, diverse sampling is the task of generating (or sampling) n 
objects using some underlying model w hile maximizing some distance function between them (known as 
the kernel). For example, if a Midjourney user asks to generate 4 different variants of "a teacup pink cat", 
they expect the variants to be substantially different in style, scene, story, etc.  

 
We recently devised a novel diverse sampling algorithm called EDDY that uses turbulences (or eddies) to 
push apart samples as they are generated with minimal quality loss (see https://galvinograd.github.io/eddy). 
As a proof of concept, we tested EDDY only on image generation and left other more exotic modalities for 
future work.  

 
For this project, we would like to integrate EDDY in 3D artifact generative models. We believe that the main 
challenge would be correctly identifying which kernel best represents differences between 3D samples while 
being fast and generic enough to work in  practice.  

  
Integrating a novel diverse sampling algorithm in 3D generative models.  

  
Diffusion/FM models, steering and guidance, 3D generative models  
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Stuttering detection  
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Machine Learning - Driven Identification of Gut Microbiome Keystone Species for 
Personalized Antibiotic Recovery  
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Remote Optical Sensing of Forearm Muscles for Finger Movement Recognition in Robotic 
Arm Control.  
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High- Fidelity ML - Based Audio Reconstruction from Rolling Shutter Laser Speckle Acoustic 
Sensing 
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Our lab's novel method uses a low - cost rolling shutter CMOS camera to capture vibrating laser speckle 
patterns and reconstruct biological signals like heartbeat, lung sounds, and speech through correlation -
based signal processing. While deep learning model s have improved audio reconstruction, the overall quality 
of the reconstruction remains insufficient.  

  
In this work, we aim to enhance both the signal quality, and  advance our reconstruction ability via the latest 
state - of- the - art models and architectures. The metrics that will reflect the improved performance are 
improved SISNR, SDR, and STOI compared to the baselines.  
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Machine learning and brain MRI radiomics for predicting surgical outcomes in patients with 
brain tumors  
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1. Mayerhoefer, M. E., Materka, A., Langs, G., Häggström, I., SzczypiƵski, P., Gibbs, P., & Cook, G. (2020). 
Introduction to radiomics. Journal of Nuclear Medicine, 61(4), 488 - 495. 

 
2. Mandal, A. S., Wiener, C., Assem, M., Romero- Garcia, R., Coelho, P., McDonald, A., ... & Erez, Y. (2024). 
Tumour - infiltrated cortex participates in large - scale cognitive circuits. cortex, 173, 1- 15. 
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Utilizing deep learning algorithms on genomic maps from cancer tissues to uncover cell - cell 
interactions.  
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Using deep learning for decoding brain states from EEG recordings of brain activity  
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Machine learning for identifying dynamic brain states from electrical brain activity recordings 
with high spatial and temporal resolution  
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1. Michel, C. M., & Koenig, T. (2018). EEG microstates as a tool for studying the temporal dynamics of 
whole - brain neuronal networks: A review. NeuroImage, 180, 577 ς593. 
2. Hutchison, R. M., Womelsdorf, T., Gati, J. S., Everling, S., & Menon, R. S. (2013). Resting- state networks 
show dynamic functional connectivity in awake humans and anesthetized macaques. Human Brain 
Mapping, 34(9), 2154ς2177. 
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fNIRS- Based BrainςComputer Interface for Decoding Words  
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Functional near - infrared spectroscopy (fNIRS ) is a noninvasive, portable neuroimaging technique that 
measures cortical hemodynamic responses (changes in oxy -  and deoxy - hemoglobin) during mental tasks. 
fNIRS has been used to implement simple brain ςcomputer interfaces (BCIs) for communication. For 
example, fNIRS- based systems have enabled locked - in patients to answer yes/no questions by performing 
different mental tasks (e.g. mental arithmetic vs. relaxation), achieving high binary classification accuracies. 

More recently, researchers have begun exploring semanti c decoding: for instance, Rybá ǌ et al. (2025) 
recorded simultaneous EEG and fNIRS while subjects silently named objects (animals vs. tools) and showed 
that fNIRS signals contain information distinguishing these conceptual categories. However, fNIRS  faces 
challenges: the hemodynamic response is slow and spatially coarse, and signals vary widely across subjects. 
These limitations mean that decoding arbitrary words (colors, numbers, phrases, etc.) from fNIRS is difficult. 
Nonetheless, the potential imp ŀŎǘ ƛǎ ƘƛƎƘΥ ŀ ǎǳŎŎŜǎǎŦǳƭ ŦbLw{ άǎǇŜƭƭŜǊέ ŎƻǳƭŘ ǊŜǎǘƻǊŜ ŎƻƳƳǳƴƛŎŀǘƛƻƴ ŦƻǊ 
patients who cannot use speech or motor systems. In summary, fNIRS  offers a safe, affordable way to 
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