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1. "MATHENA: Mamba-based Architectural Tooth Hierarchical Estimator and Holistic Evaluation Network for
Anatomy”, arXiv, submitted Apr. 1, 2026.
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1. “NeoNet: An End-to-End 3D MRI-Based Deep Learning Framework for Non-Invasive Prediction of Perineural
Invasion via Generation-Driven Classification,” in Proc. W3PHIAI-26 Workshop, 40th AAAI Conf. Artificial
Intelligence (AAAI), 2026.

2. "FOSCU: Feasibility of synthetic MRI generation via duo-diffusion models for enhancement of 3D U-Nets in

hepatic segmentation," in Proc. 2025 IEEE Asia Pacific Conf. Circuits Syst. (APCCAS), Oct. 2025.
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1. Deep Learning Classification of Focal Liver Lesions with Contrast-Enhanced Ultrasound from Arterial Phase Recordings,” in
Proc. IEEE Int. Conf. Electronics, Information, and Communication (ICEIC), 2023
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1. LUMINA: Laplacian-Unifying Mechanism for Interpretable Neurodevelopmental Analysis via Quad-Stream GCN, arXiv,
Mar. 5, 2026.
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2. Advanced Hardware Architecture with NVIDIA for Efficient ASR and
Multimodal LLM Systems
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1. Settaluri, Keertana, et al. "Autockt: Deep reinforcement learning of analog circuit designs." arXiv preprint
arXiv:2001.01808 (2020).

2. Cao, Weidong, et al. "Rose-opt: Robust and efficient analog circuit parameter optimization with knowledge-infused
reinforcement learning." IEEE Transactions on Computer-Aided Design of Integrated Circuits and Systems (2024).

3. Kim, Seunggeun, et al. "Ppaas: Pvt and pareto aware analog sizing via goal-conditioned reinforcement learning." arXiv
preprint arXiv:2507.17003 (2025).
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"ApproxTrain: Fast Simulation of Approximate Multipliers for DNN Training and Inference,” /EEE Transactions on
Computer-Aided Design of Integrated Circuits and Systems, vol. 42, no. 11, Nov. 2023.

“Beating Floating Point at its Own Game: Posit Arithmetic,” Supercomputing Frontiers and Innovations, vol. 4,
no. 2, 2017.

"Area-Efficient Iterative Logarithmic Approximate Multipliers for IEEE 754 and Posit Numbers," /EEE Transactions

on Very Large Scale Integration Systems, vol. 32, no. 3, pp. 455-467, Mar. 2024.



@)
oln
ogt
11°)
fok
N
re
ro
i
=
>
A
oY
1=
mjo
]

g StESO 7k57] 24

o IAUD 7|2 AU JIHT| A gLl T2 it (3d T, 3 &4 &) €12lES M50 H
H3t 7t =FS WS, Hardware Description Language S High-Level SynthesisE Z&df 7|2 4t

e,
[N
il
L2
N
I
N
i
x
X

[ ]
oy rfo
mo J&

HIAX| M 202F 7tE PolE YD 7| G THEV|E Yoz 24 AKX AM ¢ae
7t o, Ci=of 7|2 it 7457|5 FPGAO| O{EA HiX|SH=

to =T St=o =8 =58

h essage = n A
.’ Messag BE’*‘[ H’

Bulletin Board (BB)

A0| HHo 5= EO0|=X| met

[o]3

Sender Receiver
BB Content l
Retrieval
Homomorphic
Detector Encryption Domain

2212, sz 7|8 2Y OAIX] ZA Sng|E LAXE £=AXF ZHo| HEIH|O|EHE E25t7| s & HAI®
2 8. gLt O] HA2 X7 AAES ©H HIO|HE CRZESH & XY HAIXE AAME|0F 5= FEHO|
UAZ. o2t MH|A FHHO| HZagS 7HM5H7| fIoh M32l E©X|7|E = ol HEI &X|7|0 =&=EX| REE,
RE g2 SEUT ZHQIoAN AT CHDF SWYz AMEZ = A|ZH0] A= EHM7F EXSERZ StEY
7t%0| Hagt

1. "Oblivious Message Retrieval," in Proc. CRYPTO, 2022.
2. "lLeveraging FPGAs for Homomorphic Matrix-Vector Multiplication in Oblivious Message Retrieval,” in Proc.

Asilomar, 2025.



3. Al with NVIDIA: Multimodal & Efficient Computing
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1. "TeXBLEU: Automatic Metric for Evaluate LaTeX Format,” in Proc. IEEE Int. Conf. Acoustics, Speech, and Signal

Processing (ICASSP), 2025.

Processing (ICASSP), 2025.

3. “Enhancing ASR and TTS Models with LLM for Accessible Mathematical Learning in Students with Disabilities,”

GTC 2025.

Intelligence (AAAI), 2025.
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"MathReader: Text-to-Speech for Mathematical Documents,” in Proc. IEEE Int. Conf. Acoustics, Speech, and Signal

"MathSpeech: Leveraging LLMs to generate Equations from Mathematical Speech,” in Proc. 39th AAAI Conf. Artificial
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1. “FPGA-based implementation of a controlled phase-rotation computational accelerator for quantum Fourier transforms,” in
Proc. 2025 IEEE Int. Conf. Consumer Electronics - Taiwan (ICCE-TW), 2025.
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1. “Illumination-Adaptive Part Detection for Automated FDM 3D Printing Dataset Collection,” in Proc. IEEE ICCE-TW, 2026
(accepted).

2. “Automated Korean-English Bilingual Highlighted Text Extraction Using HSV Segmentation,” in Proc. IEEE Int. Conf.
Electronics, Information, and Communication (ICEIC), 2026.



