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TTA gradually adapts to unseen environments as it’s being used
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Education & Work

M.S./Ph.D. in Electrical Engineering (2006. 9 ~ 2014. 4)
- Large-Scale Optimization, Medical Image Reconstruction
(Advisors: Lei Xing and Stephen Boyd )
M.S. in Statistics (2011.3 ~ 2013. 1)
- Statistical Learning, Compressed Sensing

SW Solution Lab. (2014.4 ~ 2017. 2)
 - Vision for Autonomous Driving / Neural Processing Unit

Center for Bionics (2017. 3 ~ 2023.8)
  - AI for Medical Image Processing and Diagnosis

B.S. in Electrical Engineering (1998. 3 ~ 2004. 2)
M.S. in EECS (2004. 3 ~ 2006. 2)
 - Wireless Networks (Advisor: Sunghyun Choi)

Department of Applied Artificial Intelligence (2023. 9 ~ Present)
  - Biomedical AI System Laboratory (BAISLab)



Demand on Modality Translation in ER



Background: GAN with Unpaired Data

Real too!

DiscriminatorGenerator

DiscriminatorGenerator

Real!

GANs do not force output to correspond to input!



Background: CycleGAN

Cycle Consistency Loss

Large cycle loss

Small cycle loss

[Zhu*, Park*, Isola, and Efros, ICCV 2017]

Reconstruction
error



Perturbing data with stochastic processes

Stochastic process

Probability densities

Infinitesimal noiseesimaDeterministic driftministic

Stochastic differential equation (SDE)

WLOG: Toy SDEWLOG: Toy SDE
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Background: Score-Based Diffusion Models



Generation via reverse stochastic processes

Forward SDE (t: 0 T)

Reverse SDE (t: T 0)

Infinitesimal noise in 
the reverse time 

directionrectio

Score function!
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Background: Score-Based Diffusion Models



Predictor-Corrector sampling methods
• Predictor-Corrector sampling.

• Predictor: Numerical SDE solver
• Corrector: Score-based MCMC

corrector

Background: Score-Based Diffusion Models



Score-based generative modeling via SDEs

• Time-dependent score-based model

• Training:

• Reverse-time SDE

• Euler-Maruyama (analgous to Euler for ODEs)

Song et al. “Score-Based Generative Modeling through Stochastic Differential Equations.” ICLR 2021.

Background: Score-Based Diffusion Models



Problem Specification

• CT2MR Image Translation
– Has not been actively explored compared to MR2CT
– CT is first option at ER, while MR is secondary

– Objective: MR-less prediction of invisible anatomy (e.g. tubular 
organs)

– Constraints: no change in visible anatomy (e.g. solid organs)
– Collaboration with Korea University Medical Center



CycleGAN for CT-MRI Translation



Cyclic Diffusion Model for CT-MRI Translation



Cyclic Diffusion Model for CT-MRI Translation

CT Synthetic MR
(ours)

Real MR
(not matched)

SOTA
(SynDiff)



Previous Research: Sparse-View CT 

•Undersampled measurements

- Fundamental theorem of algebra and Nyquist theorem: 
original signal cannot be recovered w/o aliasing

•Under some conditions we can perfectly recover signal 

- Signal can be expressed with sparse representations

Original Conventional CS Reconstruction

“Compressed sensing based CBCT reconstruction with a first-order method” 
Medical Physics 2010 

Undersampled 
Measurements



Previous Research: Sparse-View CT

• Fast and Accurate Compressed Sensing for CT Imaging
– Optimization solver becomes slow and inefficient when Hessian matrix is 

ill-conditioned:

– Approach: Fourier-domain preconditioning inspired by conventional FBP:

                                        

Naïve CS Ours

“A Fourier-based compressed sensing technique for accelerated CT image 
reconstruction” Physics in Medicine & Biology 2014

and

Convergence Rate



Previous Research: Self-Supervised Denoising

• Self-Supervised Image Denoising
– Applied self-supervised learning to denoise CT images without references

– Trained to recover partially blinded inputs:

– Similarity between denoised images and thicker slices:

– Two-stage training strategy: offline pretraining and online finetuning

Noisy Input Offline Pretrained Online Finetuned

“Self-supervised inter-and intra-slice correlation learning for low-dose CT image 
restoration” Expert Systems with Applications 2022 



Previous : Self-Supervised Denoising

• Self-Supervised Projection Denoising
– Ground-truth not acquirable in CBCT with flat panel detector (due to scattering)
– Applied self-supervised learning to denoise CBCT projections without references
– Trained to recover partially blinded inputs 

– Considered both pixel-wise and view-wise statistical correlations

“Self-supervised denoising of projection data for low-dose cone-beam CT” 
Medical Physics 2023

Image Postprocessing Data Preprocessing

vs

No preprocessing Ours Ground Truth

Conventional 
Image 
Reconstruction

(Noise+Adjacent)2Self Training
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• In Silico Brain Modeling Processor
− A flexible digital circuit design [MICRO’19]
− Event-driven brain simulation [ASPLOS’21]
− Speculative brain simulation [HPCA’22]

• AI Algorithms & Hardware Performance Evaluations
− SNN vs. ANN [Neurocomputing’21]

• Analog-Based Process-in-Memory Architecture
− 3D NAND Flash-based PIM [MICRO’22]

• In Vivo BCI Signal Processor
− Spike-driven BCI processor [MICRO’24]
− Learning-enabled BCI processor [ISCA’25 (To Appear)]

Research interests
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Overall structure of the brain

Human Brain
Structure

Biological Neural
Network

Neuron
SynapseScalp & Skull Brain

Thr.

Time

Volt.

Internal Mechanism

NeuNeu Syn

• The brain consists of a biological neural network
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Non-Invasive
BCI

Low Resolution

• Brain-computer interfaces (BCIs) are electrophysiological 
devices that directly record and stimulate the neurons

Brain-computer interfacing

BCI Implementation
Variants

Invasive
BCI

High Resolution

Brain signals recorded
using invasive BCIs

Time
Volt.

TimeTime
Volt.

Time

Electrode

Volt.
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• BCI signals reveal intended body movements by decoding 
signals at the motor cortex
− Enables various applications including texting, game playing, robot arm 

movements

Use case #1: Neural prosthesis
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• BCI devices help cure neurological disorders by stimulating 
the brain at the onset
− There are multiple FDA-approved medical devices (e.g., Neuropace, GBrain)

Use case #2: Seizure prevention
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Increasing brain computer interface market size
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Increasing brain computer interface market size
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$10 billion within 10 years

[source: Precedence Research]
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The recent trends resolved various 
challenges in realizing practical BCIs
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• Neuralink developed a robot to implant the BCI to the human 
brain (FDA-approved)

• Can be implanted with a small burr hole in the brain

Reduced surgical risks w/ automated surgery
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• The number of recorded neurons is increasing at a rapid rate
− The electrode scales 2x every 6 years (2x every 2 years recently)
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Scaling trends of the electrodes
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• Communities are releasing neurophysiological datasets as an 
open problem

• Neuralink are releasing part of the monkey datasets to the 
research communities

Opensource datasets
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Right time to design a processing 
system for this new type of I/O
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Architectural Perspective: Processing System for
Brain-Computer Interfacing

On-BCI Processing System

Computation
Overhead

(~10s mW)

Off-BCI Processing System

Communication
Overhead

(~10s mW)

Computation 
Overhead

(~100s mW)
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On-BCI Processing

Flexible Processor
[ISCA’20]

DWT FFT COR BBF

Reconfig ICN

Reconfig ICN

LZ LIC THR

SVM MA RC TOK

Off-BCI Processing

RADIOO

Template Matching
[MICRO’21]

Spike Sorting
[ASPLOS’24]

Neural Net 
[ISCA’22]

Architectural Perspective: Processing System for
Brain-Computer Interfacing
• There are a few architectural studies that focus on designing a 

dedicated processor for brain-computer interfacing

Multi-node BCI
[ISCA’23]
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We need a full-stack design space 
exploration to find the best system!
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• We should fully explore various design points including the (1) 
BCI signals, (2) storage, and (3) battery & radio

Full-stack design space exploration

Battery &
RadioSignal

processor

BCI
sensors

Storage
12

3
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• Sensor: “Spike-driven architecture” for BCI processing
[NeuroLobe – MICRO’24]
− Rearchitect a neuromorphic-style processor for the purpose of supporting 

various BCI algorithms

• Storage: “Learning-enabled” NVM-assisted BCI system
[MemBrain – ISCA’25 (Accepted)]
− Propose an NVM-driven acceleration system to handle BCI processing with 

learning support

• Battery & Radio: “Communication and power-aware” BCI 
scheduling system
[Ongoing]
− Design a low-cost scheduler and to handle battery and thermal imbalance 

among distributed BCI nodes

Research plans
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• Sensor: “Spike-driven architecture” for BCI processing
[NeuroLobe – MICRO’24]
− Rearchitect a neuromorphic-style processor for the purpose of supporting 

various BCI algorithms

• Storage: “Learning-enabled” NVM-assisted BCI system
[MemBrain – ISCA’25 (Accepted)]
− Propose an NVM-driven acceleration system to handle BCI processing with 

learning support

• Battery & Radio: “Communication and power-aware” BCI 
scheduling system
[Ongoing]
− Design a low-cost scheduler and to handle battery and thermal imbalance 

among distributed BCI nodes

Research plans
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Challenge: Stevenson’s scaling law

• Invasive BCIs scale up to record a larger number of neurons
1. High communication overhead to transfer the BCI signals (> ~10s mW)
2. High computation overhead to process the signals
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• The BCI processor violates the thermal budget as the number of 
electrodes scale (>200 Mbps)

Challenge: Stevenson’s scaling law

On-BCI Processing

45mW Budget

Off-BCI Processing

Battery Powered 
(200mW ~ 2W Budget)

45mW Budget
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• The BCI processor violates the thermal budget as the number of 
electrodes scale (>200 Mbps)

Challenge: Stevenson’s scaling law

The system should support scaled-up BCI within the power budget

0 20 40 60 80 100

On-BCI

Off-BCI

BCI Only

Strict Power Budget

Power Consumption (mW)
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• Utilize only the spiking nature of the BCI signals?

Solution: Spike-driven processing system

Field Potential

Action Potential

Thr.

Volt.

Time

BCI SoC

Signal
Processor

Sensor
& AFE

Continuous &
Dense Processing

Discrete &
Sparse Processing

Reduce the computation & communication overhead using spikes
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• We utilize the spiking nature of the BCI signals
1. Low communication overhead by transferring only spike signals
2. Efficient event-driven computation using a neuromorphic processor

Solution: Spike-driven processing system

BCI Implant Site

Spike
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Time

Sparse Signal Accelerator
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NeuroLobe Compiler
Core0 Core1 Core2

Programming I/F
Topo Sequence Inst

Event A to B:
Set_pipe;
Pipe_exec;
…

4

NeuroLobe Core
Multitask Ctrl
Priority Scheduler

SS TM PC NN

Sync Unit
Multiphase

Cascaded

2 Event
Buffer

External I/F
Radio BCI Signal Buf
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Memory
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Compute Units
Hetero Unit Ctrl

Extended Decoder

General-Purpose

ALU

Register File

BCI-Purpose
1. Addr Gen
2. Read Mem

3. Modify Function
4. Write Mem

1

Overview: NeuroLobe system
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• Sensor: “Spike-driven architecture” for BCI processing
[NeuroLobe – MICRO’24]
− Rearchitect a neuromorphic-style processor for the purpose of supporting 

various BCI algorithms

• Storage: “Learning-enabled” NVM-assisted BCI system
[MemBrain – ISCA’25 (Accepted)]
− Propose an NVM-driven acceleration system to handle BCI processing with 

learning support

• Battery & Radio: “Communication and power-aware” BCI 
scheduling system
[Ongoing]
− Design a low-cost scheduler and to handle battery and thermal imbalance 

among distributed BCI nodes

Research plans



27/32

• The BCI signals change continuously and abruptly in practical 
use cases

Challenge: Adaptive Processing Support

Online / Offline
Training

Reconfigurable
Memory

Preprocessing
(Drift Correction)

The processor should adapt to the continuously changing BCI signals

Neural
Plasticity

BCI

Electrode
Drift / Failure

BCI

Drift

Failure

Death

Birth

P

O

e
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• The system should continuously update the model parameters to 
sustain sufficient accuracy over time

Challenge: Adaptive Processing Support

0.5

0.75

1

0 20 40 60 80

A
cc

u
ra

cy

0.5

0.75

1

0 500

A
cc

u
ra

cy

0.5

0.75

1

0 2.5 5 7.5 10

A
cc

u
ra

cy

Time
(sentence indicates)

Failure Count
(channels)

Displacement
(μm)

Fixed ModelRecalibrated Model

The system demands real-time recalibration to mitigate the accuracy drop
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• Continual learning incurs excessive write operations to the NVM 
devices

Challenge: Adaptive processing support

The NVM Write becomes the major performance overhead

BCI SoC
Signal
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Storage System
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NVM Read NVM WritePEs NVM Ctrl.



30/32

Overview: MemBrain system
Flexible Processor

[ISCA’20]

DWT FFT COR BBF

Reconfig ICN

Reconfig ICN

LZ LIC THR

SVM MA RC TOK

NoC Controller

NVM CtrlOptimized NVM Ctrl

MemBrain CTRL
Update Filtering
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• Sensor: “Spike-driven architecture” for BCI processing
[NeuroLobe – MICRO’24]
− Rearchitect a neuromorphic-style processor for the purpose of supporting 

various BCI algorithms

• Storage: “Learning-enabled” NVM-assisted BCI system
[MemBrain – ISCA’25 (Accepted)]
− Propose an NVM-driven acceleration system to handle BCI processing with 

learning support

• Battery & Radio: “Communication and power-aware” BCI 
scheduling system
[Ongoing]
− Design a low-cost scheduler and to handle battery and thermal imbalance 

among distributed BCI nodes

What’s Next?
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Thank You!
Any Questions?

Hunjun Lee

Computer Architecture (CArch) Lab. 
Department of Computer Science
Hanyang University
ITBT 405-2

E-mail: hunjunlee@hanyang.ac.kr
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