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ML-Assisted Inverse Design and Simulation for RDL Interposer
Optimization
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Abstract
This study explores the design of RDL transmission lines targeting 100 Q differential impedance. Using trace
thickness (T), top width (TW), and bottom width (BW) as design variables, we generated a 3D simulation
dataset where impedance stays within +5% of the target. The dataset was used to train a machine
learning-based inverse design model that automatically extracts optimal structural parameters. We also
evaluated the effect of data scarcity on model performance. These results support design automation and
improve efficiency in advanced transmission line design.

Figure 1(a) presents the RDL interposer structure and cross-sectional views of transmission lines,
illustrating variations in trace geometry used in the design process. Figure 1(b) visualizes the impedance
predictions generated by the inverse design model, showing how trace thickness and top width affect
impedance under various bottom width conditions (BW_2 to BW_5). Figure 1(c) shows the prediction
accuracy of the inverse model as a function of training dataset size, demonstrating performance degradation

as the number of training samples is reduced from 300 to 20.
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Circuit-Level Compact Modeling of a Dual-Gate Feedback Field-
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Abstract
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Implementation of In-Memory Computing Device Based on

Double-Gate FeFET
Jong-Myung Hong! and Myung-Hyun Baek!*
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Implementation of Read and Write Operations in a Processing-in-Memory
Device Based on Positive Feedback Transistors
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ppb-Level NOx Gas Sensor Based on ZnO Decorated SWCNTs Film at Room
Temperature
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Abstract Azrel WrAolth NOw= AEAG SewdL,
272 9 Aa% el 9 dx #4 F
Nitrogen oxides (NOx) are one of the major causes AR E] = ER S| HE ol A3} A 4 (NO),
of air pollution, acting as precursors to ozone layer o2k A A(NO2) 2 opitaldA(N0)E ¥ 38ksit),
depletion and the formation of ultrafine particulate EE, NOw= AW A7 7] 9o 7]l
matter. Due to their explosive and flammable nature, ool NO= &3 wesle] o= ujx 2
they pose a significant risk of explosion. In addition, A TeGEE slEEth B3], NOL T4 2d =
NOx gases are toxic and can cause respiratory and ol NOo= A, #", Adns 23 5 273
cardiovascular diseases in humans, highlighting the A7 B2 swslnz Abde &¥bdel wEst
need for the development of sensors capable of g aslth, AlAo] NO= 7] = Abx9l uheAlo)
detecting them. Since conventional sensors typically ) -©- o} Zup 91 74 e =l 9lo],
operate at high temperatures above 200°C, this study A @ Foll e AlEsta A AAVE ¢S
aims to develop a highly sensitive NOx sensor that < a8t
can operate at room temperature and detect gases at aEy dA s As 2 dAgHn e
the ppb level, based on SWCNTs decorated with ZnO. o772 NOx« AlA= ddrzte] dasi, Hxi
200°C o], 9ol wl 600°C ¢l 2 2ol
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Carbon Nanotubes based H:S Sensor at Extremely Low Temperature
Condition
RyangHa Kim', KyungEun Kim', and Younglae Kim'

! Department of Electronic Engineering, Gangneung-Wonju National University, Korea

Abstract
Hydrogen sulfide (H-S) is a toxic and flammable gas with a characteristic rotten egg odor, emitted from
both natural and industrial sources such as crude oil, livestock waste, and sewage treatment facilities [1].
It is hazardous even at trace concentrations, with exposure limits set as low as 10 ppm over an 8-hour
period [2]. More critically, sub-ppm levels of H>S have recently been observed in exhaled breath of
patients with halitosis, suggesting its relevance not only in industrial but also in biomedical monitoring
applications [3].
Detecting H>S under cryogenic conditions remains a significant challenge. However, such capability is
increasingly vital: for instance, NASA has identified H>S as a contaminant in lunar regolith, highlighting
the need for sensors that function reliably under extreme low temperatures in aerospace applications [4].
Furthermore, industrial settings like arctic gas fields or high-altitude operations often require
low-temperature operable sensors, where conventional sensors fail due to poor material responsiveness
or slow recovery at reduced temperatures.
In this study, we report the development of a chemiresistive sensor based on single-walled carbon
nanotubes (SWCNTs), functionalized with 2,2,6,6-tetramethylpiperidin-1-oxyl (TEMPO) to enhance
sensitivity and selectivity to H.S. SWCNTs offer high surface-to-volume ratios, mechanical flexibility,
and excellent electrical and thermal conductivity, enabling low-power operation and high stability [5].
The TEMPO-functionalized SWCNTs sensor successfully detected H2S concentrations of 50 ppm even
at —80 °C, indicating strong feasibility for cryogenic gas sensing applications (Fig. 1). Although sensor
recovery remains limited in oxygen- and moisture-deficient environments, such as dry gas atmospheres,
future research will address regeneration stability. Overall, this work presents a promising pathway for
ultrasensitive H>S detection under cryogenic conditions, expanding the usability of gas sensors in space

exploration, extreme industrial environments, and medical diagnostics.
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Fig 1 Response of the TEMPO-functionalized sensor to 50 ppm H:S (a) at -20 °C, and (b) -80 °C
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Abstract In this work, a more complete model of energy bandgap of Si as a function of both temperature and
doping concentration has been constructed. The development of model started from the modeling of density-
of-states (DOS) effective masses of electron and hole from the bottom, considering their temperature and
doping concentration dependencies [1]. Egs. (1) and (2) show the modeling results of the electron and hole
DOS effective masses, which are expressed as a product of temperature and doping concentration functions
with the separation of variables for better manipulation. Figs. 1(a) and (b) show the electron and hole DOS
effective masses from the modeling results. Energy bandgap of Si has been also modeled into a product form
of functions of temperature and doping concentration as paved with Eq. (3). Here, the doping concentration
dependence of energy bandgap was introduced by applying a correction factor, 7(N) to the purely temperature-
dependent function of Eu(7) = Eo(T, N=0) under the intrinsic condition. It can be further refined considering
the function limits with A, into the form of E,(T,N) = Ea(T)r(N) = Eg(T)[1-s(N)] in Eq. (3). Fig. 2(a) depicts
the modeling results from Eq. (3) and clearly shows the bandgap narrowing of Si as either temperature or
doping concentration increases. In order to attain higher accuracy and credibility of the developed energy
bandgap model of Si, the coefficients making up the governing equations listed in Eq. (3) have been corrected
with the empirically obtained values as demonstrated in Fig. 2(b). These advancements would significantly
benefit the accurate prediction of temperature and doping-dependent parameters including intrinsic carrier
concentration and threshold voltage [2,3], which facilitates designing electron devices for harsh environments.

i (T.N)= 1(T)-8 (N), /(7)== +1061, g(zv)=1+o.01910g,0(mi,5j (1)

m; (T,N)=p(T)-q(N), p(T)=4.527x10"T* =7.754x107T* +1.040x10°T +0.559, ¢(N)=1+0.006log,, (1%) ()

E (T.N)=E,(T)-r(N)=E,(T)[1-s(N)]. Egi(T):1_167_M N j“ﬁ 3)

N)=0.16
Treas W) (1020

300 K

—=— This work
—=—del Alamo et al.
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#— Possin et al.
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Fig. 1. DOS effective masses of (a) electron and (b) hole. Fig. 2. Energy bandgap. (a) Modeling. (b) Evaluation.

Keywords: energy bandgap modeling; temperature and doping dependencies; separation of variables; complete modeling
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Abstract As conventional complementary metal-oxide-semiconductor (CMOS) scaling approaches its
physical limits with economic burden, complementary field-effect transistors (CFETs) having stacked
nanosheet channels are gaining attention for improved integration density and energy efficiency with the help
of vertical integration. In these approaches, a compact CMOS configuration having NMOS and PMOS
transistors are closely packed overcoming the limit predicted in the planar layout level [1,2]. Inspired by the
technological direction, in this work, a novel single-cell-integrated two-terminal CMOS transistor having
dynamic threshold tunability for both NMOS and PMOS devices is proposed and characterized [3]. As shown
in Fig. 1, the CMOS cell integrates NMOS and PMOS in a single structure on the p*/n/p/n* series junction [4].
Although they are not electrically isolated, NMOS and PMOS are designed to operate independently on the
series junctions and it is notable that only two terminals are steering the operations of each transistor. Gate of
a transistor is physically contacted to the channel of the transistor so that dynamic threshold switching is
realized for warranting a small subthreshold swing towards low-voltage operation. In order to make an
exquisite balance between unwanted leakage to gate and channel potential elevation, the gate-to-channel
contact dimension needs to be carefully controlled. Figs. 2(a) and (b) present the transfer characteristics of
NMOS and PMOS transistors in the dynamic-threshold CMOS (DTCMOS) cell (channel length = 50 nm, gate
oxide thickness = 3 nm). It is revealed that the doping concentrations in the lightly-doped p and n regions in
the series junctions are crucial factor in determining the transfer characteristics and a high enough
concentration should be introduced for satisfactory switching. The proposed single-cell DTCMOS would

strongly support the low-power and area-efficient logic design in the advanced large-scale integrated circuits.

Keywords: complementary metal-oxide-semiconductor (CMOS); dynamic threshold (DT); single-cell DTCMOS
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Fig. 1. Schematic of the two-terminal DTCMOS cell. Fig. 2. Transfer curves of (a) NMOS and (b) PMOS in the cell.
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Abstract

With the rapid advancement of artificial intelligence (Al), hardware-based neuromorphic systems have
emerged as promising solutions for next-generation computing. These architectures mimic the brain’s
biological structure, where synapses are closely associated with human memory. Accordingly, synapse-
mimicking electronic devices are being investigated as non-volatile memories capable of storing synaptic
weights [1]. Flash memory is suitable for neuromorphic applications because of its CMOS compatibility and
support for multi-level operation. However, neuromorphic systems inherently suffer from the fan-in problem,
in which each neuron connects to hundreds of synapses, leading to substantial increases in power consumption.
In this paper, a NOR Flash-based double-gate Tunneling Field Effect Transistor (TFET) structure is proposed.
The proposed architecture enables cell-level control while improving subthreshold swing (SS) to achieve
precise and energy-efficient read behavior. The proposed device reliably supports 256 analog weight levels
and achieves ultra-low read currents below 10 nA. Fig. 1(a) shows the structural details of a single synaptic
cell, based on a TFET integrated with a double-gate Flash memory configuration. Fig. 1(b) extends this concept
to the array level, depicting how these cells are organized within a NOR Flash architecture. Fig. 2 shows the
transfer curve across 256 cycles of PGM and ERS. Fig. 2(a) shows the Vi, shift from 1 to 256 PGM cycles. As
PGM pulses accumulate, electron trapping in the SONOS layer causes the Ip-Vg curve to shift right. Fig. 2(b)
demonstrates the response to 1 to 256 ERS cycles. As the trapped charge is removed, the curve shifts left. Its
capability to form a neural network was validated by reproducing a Multi-Layer Perceptron (MLP) model that
classifies digits on the MNIST dataset [2]. The performance drop was only 0.93 % in accuracy, demonstrating
its potential applicability in real-world scenarios.

Keywords: Neuromorphic Computing; TFET; NOR Flash Memory; Fan-in problem
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Fig. 1. (a) Schematic of proposed double gate TFET with
SONOS structure. (b) Schematic of the proposed NOR
Flash array structure with additional bottom gate strings.

Fig. 2. Threshold voltage modulation in the double gate
SONOS TFET synaptic device: Vth shift with 1-256 (a)
PGM and (b) ERS cycles.
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Abstract

High-speed DRAM systems face severe signal
integrity challenges requiring precise equalizer
parameter optimization. Existing model-based and
machine methods either

learning are

computationally prohibitive or lack deployment
confidence assessment. We propose a Bayesian
reinforcement learning framework with uncertainty
quantification via Monte Carlo dropout, enabling
both performance optimization and deployment risk
assessment. On 300,000 waveform pairs from eight
DRAM server units,
method achieves 37.1% mean eye opening area
improvement for DFE and 41.5% for CTLE+ DFE,
representing 80.7% and 89.1% improvements over
62.5%

CTLE+ DFE configurations qualify for immediate

our proposed optimization

Q-learning and other baselines. of

deployment, demonstrating production-ready

optimization for mission-critical applications.

I. Introduction
High-speed dynamic random-access
(DRAM)

optimization to mitigate inter—symbol interference .

memory

systems require precise equalizer

Existing approaches face two critical limitations: (1)
model-based methods scale exponentially (0(k®)
for 8-parameter continuous—time linear equalizer
(CTLE) and decision feedback equalifier (DFE)), and
(2) machine learning approaches lack uncertainty
for mission-critical

quantification essential

32

deployments [1]1[2][3].

We introduce a Bayesian reinforcement learning
(RL) framework with uncertainty—augmented state
that

optimization

representation enables simultaneous

confidence
Monte
epistemic uncertainty
and 41.5%
window area improvements within the eye—opening
for DFE and CTLE+ DFE respectively, representing
80.7% and 89.1% improvements over Q-learning
The framework provides calibrated
deployment classification with 62.5% of CTLE+ DFE

configurations qualifying for immediate deployment,

performance and

assessment. The approach incorporates

Carlo dropout for

quantification, achieving 37.1% mean

baseline.

addressing the gap between algorithmic
optimization and production readiness through
systematic uncertainty—aware deployment
strategies.

II. Methodology

2.1 Problem Formulation

We formulate DRAM equalizer optimization as a
stochastic optimization problem. Given input and
output waveforms d; d, € R™, where d; and d,
denote the input and output signal vectors
respectively, and n, = 10,000 is the signal length,
sampled at 6400 Mbps (unit interval Ty; = 156.25 ps),
we seek optimal equalizer parameters p*,

p* = argmaxpey [Ep(ZHD)) [u(df;(p, Z))]

-1 Varp(zm) [,Ll(df} (» Z))]]'
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Table 1: Performance Comparison Against Baseline Methods. Performance metrics represent eye—opening
area improvement percentages. Confidence intervals are calculated using bootstrap resampling with B = 1000

iterations.
Method Mean (%) Worst—case (%) 95% CI
DFE (4-parameter)
Ours (Bayesian RL) 37.1 33.8 [35.2, 39.0]
Deterministic A2C [5] 36.8 24.1 [34.9, 38.7]
Q-learning 26.1 18.7 [24.2, 28.0]
Particle Swarm Optimization 19.8 13.2 [18.5, 21.1]
Grid Search 13.8 8.5 [12.1, 15.5]
Bayesian Optimization [1] 11.7 7.2 [10.1, 13.3]
Policy Optimization [3] 15.5 10.1 [13.7, 17.3]
Genetic Algorithm 14.2 9.4 [12.6, 15.8]
CTLE+DFE (8-parameter)
Ours (Bayesian RL) 41.5 38.2 [39.4, 43.6]
Deterministic A2C [5] 42.7 29.5 [40.8, 44.6]
Q-learning 28.5 20.2 [26.3, 30.71]
Particle Swarm Optimization 25.4 17.9 [23.5, 27.3]
Grid Search 15.2 10.1 [13.0, 17.4]
Bayesian Optimization [1] 18.9 12.7 [16.5, 21.3]
Policy Optimization [3] 21.3 14.8 [19.1, 23.5]
Genetic Algorithm 20.5 13.9 [18.3, 22.71]
— o — M M
g;;re( ?_— [0,1]¢ is the parame_ter space, d =4 for . lz L, 5= LZ (zm _ﬁ;)Z.
p ={ty, tyt3,t,}) and d =8 for CTLE+DFE M M—-1
(P ={Gaofor for Gt b ts,t5} ). The  regularization met me
parameter A= 0.1 balances performance versus 23 Uncertainty-Aware Reinforcement
uncertainty minimization. The signal integrity (SI) .
i o ) i Learning
metric p(d§) gives eye—opening area in the form of We formulate optimization as MDP M =

the largest rectangular window within the eye-
opening. The equalized output signal is denoted d§.
The

computed from Monte Carlo dropout as the standard

epistemic uncertainty estimate oy, 1S

deviation of latent predictions, and is used for

deployment confidence assessment.

2.2 Bayesian Architecture with Uncertainty
Quantification
The Bayesian autoencoder uses symmetric layers
n, » 512 - 256 - 11 » 256 - 512 » n,, with Monte
Carlo dropout. Using latent representation z =
1(dy; d) € R1 SI 51 %
speedup over direct eye diagram computation. For

for assessment provides
dropout probability p = 0.1 with M = 100 forward

passes, we get
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(S,A,T,R,y) with uncertainty—augmented state s, =
[i,07]" € R? .
space inconsistency compared to the input signal
and high uncertainty, R(sya.) = —|1(d;) —1(d&)Il, —
a= 0.1.

Gaussian

Reward function penalizes latent

where Advantage Actor—Critic

mp(als) =

allezllz

(A20)
N(ue(s), cé(s)) with joint loss:

uses policy

L6, w) = L(8) + B,L, () — BrLs(0),

with parameters y= 0.98, B, = 0.5, B, = 0.01. £,(6)
is the policy loss, L,(w) is the value loss and
L,(8) gives the entropy regularization term.

2.4 Deployment Framework

Configurations are classified by uncertainty
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Table 2: Uncertainty-Aware Equalizer Optimization Results.

Latent uncertainty quantifies epistemic

uncertainty from Monte Carlo dropout with M = 100 samples. Lower values indicate higher model confidence.

Window Area Improvement (%) Latent Uncertainty
Method
Mean Std Min Max Mean Std Min Max
DFE (4-tap) 37.1 2.2 33.8 37.5 0.021 0.002 0.02 0.03
CTLE+ DFE(8-parameters) 41.5 1.7 38.2 41.8 0.019 0.002 0.02 0.02

thresholds: high reliability (o, < 0.02), intermediate
confidence (0.02 < oy, < 0.024), validation required
(0unc = 0.024). Correlation analysis shows r = —0.42
between uncertainty and performance, enabling

automated deployment decisions.
III. Experimental Results

3.1 Dataset and Training Protocol

The dataset consists of signal waveforms from
CPU-to-DRAM  write  operations server
environments at 6400,Mbps, using registered dual
in-line memory modules. For each of eight DRAM
units, 300,000 input/output waveform pairs were
simulated, totaling 4.8 million samples. Each sample
contains n, = 10,000 consecutive values for both
the CPU-written input and the DRAM-received
output, constructed via a rolling window with
single-step increments. Waveforms were sampled
at 10,ps intervals (one unit interval = 156.3,ps), and
interpolated to 1,ps spacing for eye diagram

in

visualization.

Each output sample d, € R™ is assigned a binary
validity label based on eye diagram analysis. A
rectangular window of 80mV X 35ps is defined in
the eye—opening region: samples intersecting this
window were labeled invalid (y = 0), otherwise valid
(y = 1). Training uses Bayesian autoencoder (512 —
256 — 11 — 256 — 512, p = 0.1, 200 epochs, learning
rate n=10"3) and A2C agent (22—-128—-64—d,
300 epochs, learning rate 1 =75x 107%).

For an equalized output waveform d¢, the SI
evaluation metric used in this study is the area of
the largest rectangular window within the eye-
opening, denoted by wu(dé) and computed using
PyEye packagel4]. Higher values of u(d¢) indicate
improved signal integrity.

3.2 Performance Analysis

The Bayesian RL framework demonstrates
substantial improvements across both equalizer
configurations while providing epistemic uncertainty
quantification. Table 1 shows our approach
achieves mean area improvement of 37.1% for DFE
with confidence interval [35.2,39.0]1% and worst-
case performance of 33.8%, representing 80.7%
improvement over Q-learning worst-case (33.8%
vs. 18.7% ) and 40.2% over deterministic A2C
(33.8% vs. 24.1%)[5].

CTLE+ DFE configurations achieve 41.5% mean
improvement with [39.4,43.6]% confidence interval
and 38.2% worst—case performance, representing
89.1% improvement over Q-learning (38.2% vs.
20.2% ) and 29.5% over deterministic A2C. The

framework uniquely provides uncertainty
quantification alongside superior performance
metrics.

3.3 Uncertainty Analysis and Deployment
Classification

Monte  Carlo dropout estimation
deployment confidence assessment across 16
equalizer configurations. Table 2 shows DFE
configurations exhibit uncertainty oy, = 0.021 +
0.002 (range 0.018-0.025) with performance 37.1 +
2.2% CTLE+DFE  demonstrates  enhanced
uncertainty control: oy, = 0.019+0.002 (range
0.015-0.022) with performance 41.5 + 1.7%.

Uncertainty-performance correlation r = —0.42
validates the capability of our framework to
identify high-confidence, high-performance
configurations. Shown in Table 3, High reliability
configurations (o, < 0.02) constitute 25% of DFE
cases versus 62.5% for CTLE+DFE. Deployment
classification reveals 43.8% immediate deployment
suitability, 43.8% enhanced validation, 12.5%
extensive validation across all 16 configurations.

enables

Table 3: Uncertainty—-Based Deployment Classification. Deployment recommendations are based on epistemic
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uncertainty thresholds and systematic risk assessment.

High Reliability
Configuration Type
(aunc <0.02)

Moderate Confidence

(0.02 < 0y < 0.024)

Validation Required

(0une = 0.024)

DFE (8 units) 25% (2 units)

CTLE+ DFE (8 units) 62.5% (5 units)

62.5% (5 units) 12.5% (1 unit)

25% (2 units) 12.5% (1 unit)

Overall (16 configs) 43.8% (7 total)

43.8% (7 total) 12.5% (2 total)

Deployment classification demonstrates superior
performance for high-confidence configurations.
Analysis across all 16 configurations reveals
systematic differences in deployment readiness:
43.8% qualify for immediate deployment with low

epistemic uncertainty, 43.8% require enhanced
validation, and 12.5% necessitate extensive
validation.

3.4 LLM-Based Technical Insights

Using GPT-4.1 large language model (LLM), our
explainable Al module processes optimization
results comprising equalizer parameters p, signal
integrity metric u(d,), and uncertainty estimates
oue for automated technical assessment. The
PyDantic schema and prompt used for the analysis
are given below Table 4.

DFE analysis shows primary tap t; distribution
0.58-0.65 with mean & = 0.615+ 0.023, indicating
consistent optimization convergence. CTLE+DFE
analysis reveals DC gain Ggq. = 0.72 4+ 0.025 (range
0.69 - 0.76) and zero frequency f, =0.175+0.023
(range 0.14-0.21), indicating adaptive frequency
response optimization. Threshold-based
classification maps uncertainty to deployment
confidence with high reliability for oy, < 0.02 (7/16
configurations), moderate confidence for 0.02 <
Ounc < 0.024 (7 configurations), validation required
for oy, = 0.024 (2 configurations).

IV. Conclusions

This work introduces a Bayesian reinforcement
learning framework for uncertainty—aware DRAM
equalizer optimization addressing critical mission—
critical deployment limitations. The framework
Monte dropout  uncertainty
with  actor—critic  optimization,
and 41.5%

combines Carlo
quantification

achieving 37.1% mean eye—opening

Table 4: PyDantic Schema and LLM Prompt Used for LLM Assessment
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window area improvements for DFE and
CTLE+ DFE equalizers, representing 80.7% and
89.1% improvements over Q-learning baselines,

respectively.

Key contributions include systematic uncertainty

quantification enabling deployment confidence
assessment, with 62.5% of CTLE+ DFE
configurations qualifying for direct deployment

(Ounc < 0.02). The integrated LLM-based insights
module provides automated deployment
recommendations with quantified risk stratification.
Monte Carlo dropout integration within continuous
action RL represents a methodological contribution
that enables simultaneous performance optimization
and confidence estimation without explicit channel
modeling.
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1. class LLMExplanation(BaseModel):

2 dram_id: int

3 method: str

4. summary: str = Field(description="High-level summary of optimization result")

5 technical_analysis: str = Field(description="Technical insights from LLM")

6 uncertainty_interpretation: str = Field(description="Uncertainty analysis")

7 parameter_insights: str = Field(description="Parameter configuration analysis")

8. reliability_assessment: str = Field(description="Reliability and confidence assessment")
9. recommendations: str = Field(description="Practical recommendations")

10.

11. prompt = f"""

12. You are an expert in signal integrity and DRAM equalizer optimization. Analyze the following
optimization result:

13.

14. Configuration: {config_type}

15. DRAM Unit: {result.dram_id}

16. SI Metric Performance: {result.si_metric_percent:.1f}%

17. Latent Uncertainty: {result.latent_uncertainty:.3f}

18. Parameters: {dict(zip(param_names, result.parameters))}

19.

20. Context from statistical analysis:

21. - Method average SI: {method_analysis.get('mean_si', 0):.1f}%

22. - Method uncertainty average: {method_analysis.get('mean_uncertainty', 0):.3f}

23. - Parameter correlations with performance: {method_analysis.get('param_correlations', [])}
24.

25. Please provide expert analysis covering:

26. 1. Technical interpretation of the parameter configuration

27. 2. Uncertainty quantification significance for reliability

28. 3. Parameter tuning insights and sensitivity analysis

29. 4. Reliability assessment based on uncertainty level

30. 5. Practical recommendations for deployment

31.

32. Be specific, technical, and focus on the engineering implications.
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Implementation of 3D-ReRAM based on HfQ2/TaOx with CMOS-
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Abstract

To further improve the integration density of memristor, resistive random-access memory (ReRAM) should
be developed in three-dimensional (3D) structure [1-2]. Conventional two-dimensional (2D) ReRAM
devices face clear integration density limitations due to their implementation in a physically confined planar
space [3]. In this study, we developed a 3D ReRAM device with enhanced per-unit-area storage density
compared to 2D structures. The 3D ReRAM device was fabricated using a CMOS-compatible Back-End-of-
Line (BEOL) process, as illustrated in Figure 1. The bottom electrode (BE) of the fabricated device was
deposited by TiN sputtering. The switching layer (SW) was formed as a HfO»/TaO,/Ti stack using atomic
layer deposition (ALD) and reactive sputtering. For the top electrode (TE), TiN/W was deposited via
sputtering and CVD. Figure 2 shows the DC I-V measurement results of the fabricated ReRAM devices after
10 cycles of each lower ReRAM (BE1-Te) and upper ReRAM (BE2-TE). The average On/Off ratio of BE1-
TE and BE2-TE is 5.5 and 6.2, respectively. The difference in the average on/off ratio between BE1-TE and
BE2-TE is approximately 11%, showing similar performance. This 3D ReRAM fabrication technique can be
extended to multi-layered BEs, making it suitable for high-density neuromorphic circuits and systems.

Keywords: semiconductor devices; neuromorphic computing; Memristor

0.001

upper ReRam
(BE2)

Fig. 1 TEM image of a fabricated three-dimensional (3D) Fig. 2. DCI-V curves of BE1 and BE2 for 10 cycles.
ReRAM.
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General-Purpose Memory Processing Unit (GP-MemPU):
Memory Network Logic and Parameter-Steered Reconfigurability
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Abstract

Model artificial neural network (ANN) operations are predominantly executed as software-oriented matrix
computations increasingly with graphics processing units (GPUs). However, this approach is not free from the
issues of excessive power consumption, system volume occupancy, and heat problems due to serial processing
nature and memory bottleneck in the conventional von Neumann architecture. In order to overcome these
limitations, this study attempts a hardware-oriented processing unit implemented with the weighted sum
operation in the memory network in the fully analog manner [1]. The strategy is practically achieved by
replacing the conventional executive algorithms by variable resistances (memories) and fundamental physical
principles governing the network circuits including Ohm’s law and Kirchhoff’s law [2]. In the proposed
architecture, the conventional logic and arithmetic operations are performed inside the network of synaptic
memory devices, maximizing the operational speed an d power efficiency by reducing the number of
components and getting rid of time and energy consumed over data movement. The core contribution of this
work is the demonstration of analog logic operations realized by neural network purely composed of memory
components. Further, it would be notable that the logical function of the network can be switched only by
manipulating the neural network parameters of weight and bias. Specifically, with the two-input weights (w1,
w») and the bias voltage (V) held constant, it has been found that adjusting only the bias conductance (Gg)
can change the mode of logical functions of a neuron (Fig. 1). This is a key result demonstrating that hardware
flexibility can be maximized by switching a logic gate to another one through control of a single parameter
(Table 1), without any physical alteration in the hardware network structure. It is proven that a new view
beyond software or digital circuit-oriented logic operations can be provided by the memory network logic
capable of both ANN and logic operations towards general-purpose memory processing unit (GP-MemPU).
This can further evolve into on-chip computing, where the learning and parameter updates take place over
cross-talks between analog and digital integrated circuits on a single chip having them in a single network.

Acknowledgements This work was supported by the National Research Foundation (NRF) funded by the
Ministry of Science and ICT (MSIT) under Grants RS-2023-00258527 and RS-2024-00402495.

Keywords: artificial neural network (ANN), memory network, general-purpose memory processing unit (GP-MemPU)
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N GBVBl %GB_) Table 1. Memory network logic operations.
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Fig. 1. Memory network. Skeleton (left) and circuit (right). 1 1 GiVi+ GaVa-GaVs | H H

References

[1] S. Cho, “Volatile and Nonvolatile Memory Devices for Neuromorphic and Processing-in-memory
Applications,” J. Semicond. Technol. Sci., vol. 22, no. 1, pp. 30-46, Feb. 2022.

[2] S. Dillavou, B. D. Beyer, M. Stern, A. J. Liu, M. Z. Miskin, and D. J. Durian, “Machine learning without
a processor: Emergent learning in a nonlinear analog network,” PNAS, vol. 121, no. 28, pp. €2319718121-1—
€2319718121-8, Jul. 2024.

38




Conference on Electronics, Semiconductor, and Al 2025

[FEAIA 4]
IS

(Memory, Neuromorph




2025 HX}-UHEH|. OIZ XS SHATHY| =2

Wasserstein Generative Adversarial Network Model for Predicting
Metastasis in Cancer

Akram Maryam and Kyungsook Han"
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Abstract

Metastasis, the advancement of tumor cells to distant organs is associated with poor prognosis of cancer
patients. It involves a series of biological occurrences enabling cells at primary tumor sites progressively
acquire the ability to invade other parts through the blood stream, lymphatics, or directly perforating to nearby
structures and colonize these organs. It significantly affects the survival rates of patients. Metastasis shows
many genetic and transcriptional variations. Despite many advancements made in recent years, predicting
metastasis is still challenging for several reasons, which include insufficient data of tumor samples with
information on metastasis and severe imbalance between tumor samples with metastasis and those without
metastasis and similar gene expression patterns across tumor samples.

In this study we obtained RNA-seq gene expression data from The Cancer Genome Atlas (TCGA)
and selected genes based on changes in the biweight midcorrelations of miRNAs with RNAs between
metastasis and non-metastasis samples followed by PCA. The types of RNAs we considered in this study
include miRNA, mRNA, IncRNAs and pseudogenes. The selected pairs of genes were used for training a
classification model by expanding the small sample size of metastasis class using data augmentation. The
Wasserstein Tabular-Generative Adversarial Network (WT-GAN) model was used for synthesizing positive
samples. The WT-GAN synthesized samples augmented with real samples were used to train the
classification model. The number of samples generated were controlled carefully by accounting two facts
that data is sufficiently enriched and data patterns are not drifted. Our model showed improved performance
(AUC-ROC 0f 90-98%) when tested on an independent dataset for COAD, KIRC, STAD, LUAD, BLCA and
BRAC cancer types.

Acknowledgments This work was supported by the National Research Foundation of Korea (NRF) grant funded by the
Ministry of Science and ICT (2020R1A2B5B01096299).
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Adaptive Generative Model
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Abstract

This article details the design and implementation
of a Korean Programming Language, K-Prolog.
Despite the importance of relevant languages such
as Prolog in the field of artificial intelligence (AID),
their use and instruction remain limited in Korea
due to the linguistic barriers that Korean users face
when learning a new programming language in
English. K-Prolog has been designed to help users
overcome this issue, while maintaining the core
functionalities of the standard Prolog. The capa-—
bilities of K-Prolog have been proven through an
experiment that verified compatibility with existing
Prolog code and identical execution results.
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BEATs -BiGRU 7|8t S2F O|HIE HAZE0j|M AL 2 F x| A3} Hiot

(An Approach for Minimizing Processing Error in Sound Event
Detection based on BEATs-BiGRU model)

TS AT R, MU B

*email : spark2@gwnu.ac kr

Dongjun Kim, Sangwook Park*

Department of Electronics and Semiconductor, Gangneung-Wonju National University

Abstract
=& O|Hl E ZAE(Sound Event Detection) 2 2 M2 0| o El 24 S| ZFA Ll 7ts AEd= 7|22
A A", RRE|E|, o|& 20F SOAM 432 Lt =M S A= F4 M2UX|Q DCASE E &3, 2
OHIE AEo| d5 &S 2ot B2 A7 =L AUCE £, Audioset [1] L2 AIHSHEE EHAIH
7|9t9| Bidirectional Encoder representation from Audio Transformers (BEATs) [2] & @/ H E S}, BiGRU A& 2
AHZAT O] X[ Y5S E0{FEL} O|W, BEATs 0| M =& £ 0| BiGRU 2| & =0t HE[7F LX|SHA| ot
Adaptive Average Pooling & &3 S&2| XtAES ALt 0| IEH0|A BEATs Off Z2etE SZ0| &4E=
AMRFZ I LATICE O] 2{2t Z M E 2t2tstr| fId, & AF0Me ARHE|FN =2 452 £2 You Only
Look Once(YOLO) [3] & BEATs 2 BiGRU €& Y A%t 7t 2 283t 0| = CHS F7HX| O| /0|l M EE o0t
M, S O|HME ASO0|M W AHMEZ M2 AZHFO SH0M EHE|0f, O|0|X[t RASHA L&{g =
ACE =M, YOLO £ LH =l O|0|X| & CHATH AH L 2| Feature Map 2 THE11 0|2 85tE WAIZ2 AHESH|
20, BEATs 7t T2 S ETS {2 2 Hatd = UL} O|2{ot Y2/ 2 BEATs 2| 8¢ ST S RNN
AZLE RNz METCEZMN S O|HME A= ds2 &4 AZ = A2 A2 7| EICL

Y 4
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Impact of Word Line Slope on Write Characteristics and Row Hammer in
BCAT Structure
Yeongmyeong Cho' and Myung-Hyun Baek'*
'Department of Electronic and Semiconductor Engineering, Gangneung-Wonju National University,

Gangneung, 25457, South Korea

Abstract

Dynamic Random Access Memory (DRAM) is one of the most widely used memory devices due to its
simple 1TIC (one-transistor, one-capacitor) structure, which allows for high integration and ease of
fabrication. Similar to other semiconductor devices, DRAM has improved in performance through continued
scaling. However, as the physical dimensions have been aggressively scaled down, various new issues have
emerged. In particular, the reduced spacing between DRAM cells has led to increased cell-to-cell interference,
which can cause data loss. Among these issues, Row Hammer is a critical phenomenon in which the data
stored in a victim storage node is flipped due to repeated toggling of an aggressor word line.

In this study, we investigated a mitigation method for the Row Hammer effect using Silvaco TCAD
simulations by implementing a word line slope greater than 90°. During the trench formation process in
DRAM, a naturally formed trapezoidal PR profile results, which in turn leads to the formation of a slope
exceeding 90° after etching. To quantify how this slope influences DRAM cell behavior, we simulated write
operation characteristics and Row Hammer susceptibility. As a result, we found that steeper etch slope can
degrade D1 Write characteristics by up to 1069 times. Moreover, by selecting an appropriate etch slope, we
improved D1 Failure by up to 300.4%, without significant degradation of write characteristics. Our study
demonstrates that a steeper etch slope can mitigate the Row Hammer effect and that selecting an appropriate

slope can improve Row Hammer without significantly impacting the write characteristics.

Silicon Etch

]
Mask Mask

G >90°

Silicon body Silicon body

Figure 1. Process of forming a trench with a sidewall angle exceeding 90°.
Acknowledgement: This research was supported by Semiconductor R&D Support Project through the Gangwon Technopark
(GWTP) funded by Gangwon Province (No. GWTP 2024-029 & 2025-034).
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Work Function Engineering of Dual Metal BCAT DRAM
for Mitigating Pass Gate Effect and 1-Raw Disturb

Hwichan Jeon, Min-Woo Kwon"

Department of Electronics Engineering, Seoul National University of Science and Technology, Seoul, South Korea
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Enhanced H:S Detection using SWCNTSs Functionalized with
Pillar-4-azido-1,8-naphthalic Ligand
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Hydrogen sulfide (H2S) is a highly toxic and corrosive gas that poses severe health and safety risks even at trace
levels, particularly in industrial and environmental settings [1]. Although H-S is colorless with a characteristic
rotten egg odor, its detection by smell is often delayed due to dispersion, making early detection critical [2].
Therefore, the- development of effective H>S gas sensors that can operate at room temperature with high sensitivity
and selectivity is essential.

In this study, we investigated the H2S sensing properties of single-walled carbon nanotubes (SWCNTs)-based
sensors functionalized with a Pillar-4-azido-1,8-naphthalic ligand. SWCNTSs possess high electrical conductivity,
thermal conductivity, and mechanical strength, and their porous structure enables sensitive detection of gas
molecules through conductivity changes upon chemical interaction with target gases such as H2S [3]. The sensors
were fabricated by uniformly depositing a mixture of SWCNTs and the ligand onto the SiO2/Si substrate via a
drop-coating method, followed by electrode formation on top of the coated surface. The sensing performance was
evaluated at room temperature under nitrogen environments with controlled humidity — 3% relative humidity
(dry) and 45% relative humidity (humid) — by exposing the sensor to H2S concentrations of 5 ppm, 10 ppm, and
25 ppm. The SWCNT-based sensor functionalized with Pillar-4-azido-1,8-naphthalic ligand exhibited
approximately 288% higher sensitivity than the pristine SWCNT-based sensor under dry conditions (3% RH, 25
ppm H2S) and about 21% higher sensitivity under humid conditions (45% RH, with Pillar(Smg)/SWCNTs) (Figure
1). The results represented that both humidity and ligand content significantly influenced the H2S gas detection.

This study highlights the critical role of ligand amount and environmental humidity in designing

SWCNTs-based H2S sensors and provides insights for improving sensor sensitivity and stability.
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Figure 1. Sensitivity response of each sensor to 5 ppm, 10 ppm, and 25 ppm H.S under 3% relative humidity
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Work Function Engineering in Dual Metal BCAT DRAM for
Optimization of Gate-Induced Leakage Currents
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Abstract
Dynamic Random Access Memory(DRAM) 9] A& 3}= Al 5 3FAtol] 7]of 8] ghx|qt, —1o ulz}
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GUL ol "X d&s B350 AlEd ol 23, 7]&9] Single Work Function BCAT %
thH] GIDL 2 77.81%, GIIL 2 47.34% 7235 8F21al3l v}, o] 28k 2 3= Dual Work Function
BCAT %7} DRAM 4%} ¥4 AF EAS g32 oz d3latar, dubzel A=A gk
71998 = oS AlAFgT

Table I GIDL Simulation Condition

bt

s
R ot Table I GIJL Simulation Condition
Parameter Value > —y
2 v Parameter Value
Vos 6V @ O s = 11.94%
v, W i} Vs v E
BL - Slope: 24.5 . -
Vsub 0.6V < o4 Vi Floating %
e X
. a Ve 7-o0v =
Vawr -0.2v < k-]
Vit 02V 8oz Vawr 0.9V ]
g T Vet 0.9V -
TMWF 4.0~4.8eV H) ~_| Slope: 3.2 (a) w |
TMWF 4.5V . -
BMWF 4.5¢V S oo 0.08 010 012 © 0 s Silicon
o Y-’ Distance [nm] BMWF 4.0~ 4.8eV o.omY Y’oi;;;tan 2:2E1nm]o.ozs
] 10 e o K .
oo _ GIDL 85. 20% ] 120187 g 150
b= 3e10|
Faour -1 =i = —o =
§ sor0 £ 3 —m <
e
=) g E 8.0x10 S 10x10
ke} Interf T
B 2.0x10° O 17 2 n ; :ncse"yrap E
= £ 3 3
w S 10" Q o
X a £ 4.0x10 £ 50010
1.0x10 — ]
10} © =
a a
0 10 3 0
0.06 , D.,OS 0.10 0.12 Gate vo“a . [v] 1 5 ) 2 7 s = ” .
Y-Y’ Distance [nm] 9 Substrate Voltage [V] Substrate Voltage [V]

[Fig. 1. TCAD simulation results of GIDL characteristics] [Fig. 2. TCAD simulation results of GIJL characteristics]
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Finding Prognostic Biomarkers from Competitive Endogenous RNA

Interactions using Neural Networks

Yiran An and Kyungsook Han*
Department of Computer Engineering, Inha University, Incheon, 22212, South Korea

Abstract
Prognostic assessment of cancer patients has always been a critical issue in cancer treatment.
Accurate prognostic prediction can guide clinical treatment decisions and improve patient survival
rates and quality of life. Traditional prognostic assessment methods mainly rely on
clinical-pathological characteristics, but have limitations in individualized prediction. Therefore,
finding reliable molecular prognostic markers is of great significance for guiding the treatment of
cancer patients.

Since the new gene regulation involving competing endogenous RNA (ceRNA) interactions
mediated by common microRNAs (miRNAs) was found, several computational methods have
been developed to construct ceRNA networks. However, most of the ceRNA networks are
restricted to represent either miRNA-target RNA interactions or IncRNA-miRNA-mRNA
interactions. So far most of the ceRNA networks are restricted to represent either miRNA-target
RNA interactions or IncRNA-miRNA-mRNA interactions. However, other types of RNAs can
also act as ceRNAs, and variety of ceRNA interactions exist.

In this study, we constructed ceRNA network of all possible interactions of ceRNAs from
RNA expression data in eight cancer types (BRCA, BLCA, COAD, LUAD, LUSC, HNSC, STAD,
THCA). The RNA expression data and miRNA interaction data were collected from TCGA and
multiple databases (miRTarBase, miRcode, and TargetScan), respectively. We constructed a graph
neural network (GNN) model to learn embedding of RNAs and miRNAs, and then obtained
potential ceRNA-miRNA-ceRNA triplets based on the embedding. We then train a PMF (Partial
Multi-Layer Factorization) Neural Network with L1 Regularization and then extract important
features (ceRNA-miRNA-ceRNA triplets) from the input layer weight of the neural network. In
this step, we parametrize the probability mass function, optimize the survival likelihood and
outputs the survival probability at multiple time points. Eventually, we constructed Lasso-Cox
model to further filter features by combining survival analysis with regularization techniques and
found potential prognostic biomarkers. The ceRNA triplets showed good survival prediction
capabilities across different cancer types. Although the potential prognostic triplets require further
investigation for clinical use, our approach is applicable to multiple types of cancer and to predict
prognosis of individual cancer patients.
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[Fig. 1. Lange Coupler O| 0| X| (a) Layout (16 x 32mm?) (b) 2 & At %]
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ANetFL: Adaptive Neural Network with Focal Loss for Classifying
Subtypes of Pan-Cancer

Guiyuan Deng, Shiyang Wang and Kyungsook Han*
Department of Electrical and Computer Engineering , Inha University , Incheon , 22212 , South Korea

Abstract
Accurate identification of cancer subtypes is imperative for the advancement of precision oncology, as it
facilitates the development of tailored therapies based on molecular profiles and enhances prognostic
outcomes. Given the rapid accumulation of large-scale transcriptomic data across multiple cancer types, the
development of robust and generalizable models for classifying cancer subtypes has become increasingly
important. However, most existing approaches are intended for classifying subtypes of single cancers only

and cannot be used in multiple cancers.

To address these challenges, we propose an Adaptive Neural Network with Focal Loss (ANetFL), a unified
deep learning framework designed for classifying subtypes of all cancers using RNA-seq gene expression
data. The model incorporates focal loss to effectively handle subtype imbalance by placing greater
emphasis on minority and hard-to-classify samples. The model further integrates a comprehensive feature
engineering pipeline that first applies analysis of variance (ANOVA) to eliminate uninformative features,
followed by mutual information analysis to measure statistical relevance between features and subtype
labels. Subsequently, XGBoost is employed to rank and select the most discriminative features, resulting in
a compact and informative feature set. To enhance subtype separability and reduce data dimensionality,
linear discriminant analysis (LDA) is applied to the selected features.

The neural architecture incorporates residual connections to mitigate gradient vanishing and Gaussian noise
injection at the input layer to enhance robustness against biological or experimental variability. An adaptive
learning rate scheduler was implemented during training to accelerate convergence and reduce the risk of
overfitting. ANetFL was evaluated on RNA-seq datasets from 15 cancer types in The Cancer Genome Atlas
(TCGA), encompassing more than 60 molecular subtypes, and further validated on independent datasets
obtained from the MET500 metastatic cancer cohort. The results demonstrate that ANetFL outperforms
traditional classifiers in multiple performance metrics, thus demonstrating both robust predictive capacity
and strong generalizability.
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A Multilayer Perceptron Model for Predicting Distant Metastasis Using
Gene Correlations Specific to Individual Cancer Patients

Jiahui Kang and Kyungsook Han*

Department of Electrical and Computer Engineering, Inha University, Incheon, 22212, South

Korea

Abstract

Cancer metastasis refers to the spread of tumor cells from the primary site to other organs and is
the main cause of cancer-related death. Cancer metastasis is usually classified into two types
based on metastatic sites: lymph node metastasis and distant metastasis. Distant metastasis is
more difficult to detect than lymph node metastasis because the detection of distant metastasis
requires a full-body examination. So far, several machine learning methods have used to predict
lymph node metastasis, but predicting distant metastasis has received much less attention due
to the complexity and heterogeneity of distant metastatic cancer.

In this study, we developed multilayer perceptron (MLP) models based on gene
interactions and gene correlations of individual cancer patients. First, we constructed a
differential gene correlation network using the topological differences between the gene
correlations of cancer patients with distant metastasis and those without distant metastasis.
Using the network, we derived a gene correlation network unique to each cancer patient. Our
machine learning framework has two stages: first, we predict whether or not distant metastasis
will occur; then, for patients predicted to have metastasis, we further predict the metastatic site.
Since a single patient with distant metastasis may have multiple metastatic sites, predicting
metastatic sites is a multi-label classification problem. To predict one or more metastatic sites in
a single patient, we transformed the multi-label classification problem into multiple binary
classification problems. In testing our MLP model on an independent dataset which was not
used in training the model, the model achieved a high performance. It showed an area under the
curve (AUC) of 0.94 for predicting distant metastasis and an average AUC of 0.95 for
predicting metastatic sites. Our approach will help predict distant metastasis and potential
metastatic sites in cancer patients of early stage, thereby can be used as an aid in determining

personalized treatment plans.
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yvielded a total of 274 higher—order statistical

Abstract features (mean, median, skewness, etc.). These

features were then merged with the subtype

scores to calculate correlation coefficients. The

The objective of this study is to examine the
relationship between various frame-based
characteristics, including action unit (AU), pose,
and gaze, as extracted from facial images using
OpenFace, and the depression/anxiety subtype
scores of subjects. The subjects' self-reported
questionnaire scores consisted of five behavioral = characteristics to serve
subtypes: Avolition—Anhedonic type, Negative
Rumination type, Low Self-Esteem type, Sad- spectrum of mental health conditions.
Dysphoric type, and Agitated Anxiety type.
Each score was normalized and severity
grouped (low, high) to be used as the basis for

analysis. The results of the OpenFace analysis
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analysis indicated a significant correlation
between the skewness of the distribution of
certain AUs and the RMS of the gaze area with
subtype scores. The present study
demonstrates the capacity for face—-based

indicators of distinct subtypes within the
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Deep Learning—Based Model for Precise Verification of Nasogastric Tube
Positioning in Chest Radiographs
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This paper presents a deep learning—based system B2 (classification) =Ho] WEHo]  glo], 91X
for accurate nasogastric tube positioning in chest ARE B34 AgsteAY AdWes= 9§ A7)
radiographs. The model combines nnU-Net for s i=5
segmentation and MedCLIP-pretrained ResNet50 for 2 AFe oy TAE MAs HH, F5
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High-performance switchable visor for augmented reality using

low-voltage, fast-response cholesteric liquid crystals

Sang-Hee Lee!, Jae-Hwan Lee!, Se-Hoon Lee!, and Seung-Won Oh':*

! Department of Electrical Information Communication Engineering, Kangwon National University,
Samcheok, Gangwon 25913, Republic of Korea

* ohseungwon@kangwon.ac.kr

Abstract

We present a high-performance switchable visor designed for augmented reality (AR) applications,
employing a dye-doped cholesteric liquid crystal (CLC) that operates at an ultra-low driving voltage of
just 6 V—an 86% reduction compared to conventional 44 V CLC devices. By utilizing a 270° twist
configuration, the device achieves a substantial transmittance modulation of 35%, while maintaining an
initially transparent state. The incorporation of a low-refractive-anisotropy LC suppresses waveguiding
effects, further enhancing optical contrast. To overcome the slow relaxation typical of negative dielectric
LCs, we integrated dual-frequency LCs, enabling ultrafast switching with turn-on and turn-off times of
6.18 ms and 1.83 ms, respectively. These combined features deliver high contrast, low power
consumption, and real-time responsiveness—critical for wearable AR systems. Experimental
demonstrations show that the visor selectively darkens AR content regions without compromising
background transparency, offering a compelling solution for next-generation AR displays that require

both dynamic control and energy efficiency.
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Research on the high-ASIL semiconductor with functional safety
for autonomous vehicles

KyuBong Yeon and DuHo Lee

Korea Automotive Technology Institute, Korea

Abstract
This paper proposes the high ASIL (Automotive Safety Integrity Level) semiconductor with
the functional safety (ISO 26262) for the automotive harsh environment in autonomous
vehicles. The goal of the described semiconductor was to verify the reliability and ASIL of
the functional safety for a SoC (System on Chip). Fault Injection is a fundamental step for
demand based high reliability automotive semiconductor. The self-diagnostics is an
essential element for fault injection test of automotive SoC. The testing of the ASIL by
injecting reproducible disturbances is vital for reliability and fault tolerance technique of

high quality in SoC for autonomous vehicles.
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22T Partially Retentive True Single-Phase Clock Flip-Flop for Low-Power
Applications
Dongkwon Lee and Dongsuk Jeon®
Seoul National University, Seoul, Korea
Abstract
This work presents a 22T partially retentive flip-flop (PRFF) designed with a true single-phase clock (TSPC)
for low-power applications. Based on the pseudo-static flip-flop (PSFF) [1], the proposed flip-flop achieves
partial data retention when the clock signal is low, addressing a key limitation of dynamic flip-flops. By
adding three transistors (M18-M20), the design successfully retains stored values during low-clock periods,
making it suitable for effective clock gating. Two additional transistors (M21-M22) of the output inverter
enhance output robustness, resulting in a total of 22 transistors. Notably, the proposed design retains the
advantages of PSFF, such as the elimination of contention, glitches, and redundant switching, which are
essential for low-power operations. Implemented in a 28-nm CMOS process, experimental results
demonstrate a 70% power reduction compared to a conventional transmission-gate flip-flop (TGFF).
Moreover, it exhibits significantly lower power consumption than previously reported static and partially
retentive flip-flops [2]-[4]. Thus, the proposed PRFF is highly suitable for energy-efficient designs and

supports effective clock gating in low-power systems.

PRFF TGFF |SSCFF [2]| REFF [3] | HFF [4] | PSFF [1]
This work Standard | ISSCC Jssc TCAS Il | ESSERC
Cell 2014 2021 2022 2024
Transistor Count 22 24 24 25 18 17
Single-Phase Clock Yes No Yes Yes Yes Yes
Contention-Free Yes Yes Yes Yes No Yes
Glitch-Free Yes Yes Yes Yes No Yes
R.edu.ndant Yes No No Yes No Yes
Switching-Free
q Partial Partial
Retentive (CK=0) Yes Yes Yes (CK=0) No
Retention time 84.04 ns - - - 29.08 ns | 82.58 ns
Power
T 0.396 uW | 1.319 uW | 0.813 uW | 0.480 uW | 0.585 uW | 0.312 pW
D-Q delay
= — (C-Q delay + setup time) 52.02ps | 47.65ps | 59.06 ps | 62.18 ps | 49.53 ps | 40.63 ps
Fig. 1. Proposed partially retentive flip-flop. Table 1. Comparisons with prior flip-flops
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ANN-Based Compact Modeling Framework for Cell-Level DTCO Including
MOL at Sub-1 nm Technology Nodes
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Development of Parylene-C Interposer Fabrication Technology
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Abstract

As the demand for high-density 3D integration and flexible packaging increases, conventional silicon or glass-
based interposers face limitations such as high fabrication cost, mechanical rigidity, and incompatibility with
reworkable processes. To overcome these challenges, this study presents a fabrication process for a flexible
Parylene-C interposer with vertical interconnects. A 10 um-thick Parylene-C film was deposited by chemical
vapor deposition (CVD) on a silicon substrate. Through-Parylene-C Vias (TPCVs) were formed by O2/CFa
reactive ion etching using an Al hard mask. A Ti/Cu seed layer (25 nm/200 nm) was then deposited by e-beam
evaporation and sputtering, followed by Cu electroplating at 25 mA/cm? to fill the vias. After photolithographic
masking and selective wet etching, Cu remained only within the vias. The overall fabrication process is
illustrated in Fig.1. The completed Parylene-C interposer, shown in Fig.2, maintains mechanical flexibility and
transparency, demonstrating its suitability for flexible vertical interconnects. This interposer platform is
compatible with low-temperature back-end-of-line (BEOL) processin. As a future application, it may enable
vertical stacking of two thin-film transistors (TFTs) to implement a 2TOC DRAM structure, potentially

contributing to improved density in DRAM array integration.
Keywords: semiconductor devices; Through-Parylene-C Via (TPCV); Cu electroplating; Flexible substrate;
» »
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[Fig. 1. Schematic diagrams of the TPCV fabrication process] [Fig. 2. A picture of flexible Parylene-C interposer]
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Recently, as methane is increasingly recognized for its contribution to greenhouse gas emissions,
potential explosion risks, and asphyxiation hazards in confined or poorly ventilated spaces, the demand for
reliable and sensitive methane gas detection has grown. Methane is a colorless, odorless, and highly
flammable gas, with explosion risks at concentrations above 4% [1]. Therefore, developing highly
sensitive and room-temperature—operable methane sensors is critical for environmental safety and
industrial applications.

Single Walled Carbon Nanotubes, SWCNTs have found a wide range of applications, from molecular
electronics to field effect transistors, in micro electronics, opto—electronics, gas storage, sensing, field
emission devices and components in high performance composites, nano—biotechnology, and
nano-medicine [2]. And LiOH was selected as a functional layer due to its high affinity for polarizable
gases and ability to modify the electronic structure of the SWCNTs. The fabricated device, consisting of a
LiOH decorated SWCNT layer, was tested under CHs various concentrations.

Based on actual measured data, for the pristine SWCNT, a methane concentration of 50 ppm showed a
sensitivity of only 0.15%. However, LiOH decorated SWCNT deposited device showed 75.25%, which is
over about 500 times higher compared to pristine SWCNTs without LiOH modification. At a low
concentration of 1 ppm, the sensor exhibited a sensitivity of 61.3%, representing more than 142 times
improvement from the baseline (0.43%) with bare SWCNTs. These results confirm that the introduction of
LiOH significantly enhances the methane adsorption interaction with the SWCNT surface, thus improving

SEensor response.
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Abstract

This work presents a Voltage Difference Time Converter (VDTC)-based Low—Dropout
Regulator (LDO) that incorporates a pulse generator and adaptive biasing technique for
improving transient response. While the previous VDTC LDO achieved efficient regulation
by combining VDTC with a charge pump (CP), its transient performance is limited by the
clock frequency and the limited evaluation time within half a clock cycle [1].

In the proposed design, a pulse generator enables the minimization of the duty cycle of the
reset phase, allowing the VDTC to utilize nearly the entire clock period, thereby extending
the effective charge pump pulse width beyond the conventional half-cycle limit.
Additionally, an adaptive biasing scheme using a replica of the power transistor increases
the charge pump current when the load current is increased, improving the regulator’s
response and regulation under varying load conditions.

Fig. 1(a) illustrates the overall architecture of the proposed design, which builds upon the
baseline in [1]. Fig. 1(b) shows the simulated transient response when the load current
changes from 2mA to 30mA within 1 ns. With enhanced transient response, the proposed

LDO shows an improved settling time compared to the previous architecture.

Charge Pump Adaptive Biasing
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1. Introduction

Conventional CMOS image sensors (CIS) and CCDs
suffer from analog-domain noise like dark current, readout,
reset, fixed-pattern, and quantization noise. In contrast,
single-photon avalanche diodes (SPADs) deliver pulse
outputs in the digital domain, inherently suppressing readout,
reset, and quantization noise. Fixed-pattern noise is further
averaged via time-delay integration (TDI) boosting SNR by
20 log(\N) dB. [1]

This paper proposes a TDI-SPAD Architecture that
prevents error bit generation in flip flops and simple external
signal to minimize the line transfer time.

II. Proposed TDI-SPAD Architecture

Figurel shows the bidirectional TDI-SPAD implements
bidirectional TDI functionality with less amount of
degradation in pixel performance due to the added metal
lines by placing SRAM arrays both above and below the
pixel array. As shown in Figure2, line drivers are designed
and implemented to avoid risk of setup and hold time
violation and error caused by leakage. Figure3 gives an
example of N-line TDI operation timing diagram.

III. Conclusion

The SPAD device combined with TDI technology enables
high-SNR imaging even under low-dose X-ray illumination.
The proposed circuit has been functionally verified via
Spectre simulation for a 10-bit, 1-pixel, 4-line configuration.
In future work, we plan to optimize the binary counter’s area
to increase the fill factor and to implement an analog counter
to further enhance the fill factor. [2][3]
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Design of One—-wire OTP memory system for offset trimming
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Abstract

The OTP (One-Time Programmable) memory
system is utilized in various applications, such as
device offset trimming and configuration
adjustments, which can be performed after the
packaging process is completed. In this paper, we
propose an OTP interface that enables both write
and read operations through a single pin. The write
operation is performed by distinguishing between
HIGH and LOW signals based on the pulse width
after a rising edge is applied to the pin, allowing
sequential programming of memory cells. During the
read operation, data stored in the memory cells is
sequentially output based on an internal oscillator
signal, and the stored data is represented as a duty
ratio through PWM encoding. The proposed single
pin read/write OTP memory system is widely
adopted in PMIC products with limited pin counts,
serving as a practical solution instead of 12C
communication.
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Abstract
This paper proposes a high-speed, low-power
operational amplifier (op—amp) designed for

operation in a 12V high-voltage environment. Both
the
architecture were designed and fabricated as

a conventional and proposed op-amp
integrated circuits (ICs), then measured to facilitate
a direct comparison of key performance metrics.
Measurements of the fabricated IC demonstrate that

the proposed structure consumes a quiescent
current of 122 pA under a heavy load condition with

an output current of 5mA. This represents a

significant 63% reduction in quiescent current
the 330 pA consumed by the
with the

is expected to find broad

compared to

conventional structure. The amplifier
proposed structure
application in systems requiring high speed, high
current drive, and high efficiency under a 12V high-

voltage environment. The design and fabrication of
the proposed amplifier utilized DB HiTek's 0.18 ym
30V BCD process.
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A Dynamic Object Detection System Based on Event—Based Vision Sensors for

Low-Data Monitoring Technology

Hasung Kim?!, Hyunjin Kim!, Sejin Yoon!, Hyunkeun Lee® *

!Department of Al Semiconductor Engineering Korea University, Sejong, South Korea

Abstract
Event-Based Vision Sensors (EVS) are
neuromorphic image sensors that differ from

conventional frame-based sensors by outputting
data only when changes in the scene occur, making
them particularly suitable for dynamic object
detection. In this study, we propose a monitoring
system based on EVS and outline its core operating
principles. To process the asynchronous output data
efficiently, we employ a lightweight spatio—temporal
clustering method that avoids the complex
algorithms such as YOLO and Faster—RCNN (Deep

learning—based detection technique). The system
enables various inference tasks—such as estimating
the brightness of unknown individuals' clothing and
detecting approach behavior toward entrances—

despite the minimal amount of data. These results
demonstrate the potential of EVS for low—data, high—
efficiency monitoring applications.
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2.1 Operating Principles of EVS
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2.2 Processing techniques for Event data
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Optimized Structural Design for Enhancing Delay and Current Characteristics of

Bipolar—Supply Gate Drivers

Taeyeong Kim, Lee hye young, Shihong Park

Dankook University , korea

Abstract

SiC MOSFET-based

environments exhibit increased risk of malfunction

high-speed switching

due to Miller turn-on, and conventional bipolar gate
drivers—which begin from a negative voltage—

suffer from longer propagation delays and complex
power-level provisioning. Therefore, we introduce
a current-boost structure in the level-shift circuit
and integrate an internal power supply, reducing
rising/falling edge delays by 14.15 ns/14.68 ns and
reliably delivering up to 10 A/11 A of drive current.
Consequently, we demonstrate that gate drive
timing precision and system reliability can be

enhanced without external power sources.

Keywords gate driver, SiC MOSFET, bipolar
supply
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Self-Powered Photodetector Based on Hybrid Heterostructure with
Ultrahigh On/Off Ratio
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Abstract

Two-dimensional materials, particularly rhenium-based transition metal dichalcogenides (TMDCs) like
rhenium diselenide (ReSe») and rhenium disulfide (ReS,), offer layer-independent direct bandgaps suitable for
broadband photodetection [1]. However, many such devices require external bias for high performance,
increasing power consumption and limiting applications in low-power systems such as wearable sensors. This
work addresses these challenges by developing self-powered photodetectors with enhanced sensitivity and

remarkably high on/off ratio through hybrid heterostructure architectures.

We fabricated a vertically stacked ReSes/ReS,/Silicon (Si) heterostructure using van der Waals assembly,
forming a type-II band alignment that enables efficient carrier separation. The device was characterized under
various illumination wavelengths (405-1060 nm) and power densities, with measurements of electric
properties.

The photodetector exhibits self-powered operation with an ultralow dark current of 2.83 x 1072 A and an
outstanding on/off ratio of 2.17 x 107 at zero bias. It achieves broadband response from visible to near infrared.
Power-dependent study indicates that deep trap states in the ReS,/ReSe; layers introduce photoconductive gain
at low intensities while suppressing it at high powers, a mechanism consistent with earlier ReS,/Si

self-powered photodiodes [2].

This heterostructure demonstrates a promising strategy for low-power, high-performance optoelectronics, with
implications for sustainable sensing and multispectral imaging. Future work will explore integration into

flexible substrates for wearable applications.

Keywords: TMDC, Self-powered, Photodetector, Heterostructure, Rhenium

10° 2.4x107
7
— 2.2x10 —5mW
2.0x10” 10mw
-5
107 3 1.8x107 o 1omW
104 o 1.6x10"
§ o] ©  1.4x107
c
5 5 1.2x107
5 10 £
3 3 S 1.0x10"
109 4 Dark Current 8.0x10°
——405 nm
10 4———532 nm 6.010°
. I—e642nm 4.0x10°
107 35— 808 nm 2.0x10°
1072 —|1060 nm_ : T T 0.0 T T T a
3 -2 -1 0 1 10 08 -06 04 02 00 0.2 0.4
Voltage (V) Voltage (V)

114




2025 HAHYLEH|- QB XIS ST =27

[Fig. 1. I-V characteristics of the photodetector] [Fig. 2. On/Off ratio under 808 nm]
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Abstract

Electrochemical ion modification offers a simple yet effective strategy to reduce the forming voltage in
transparent resistive switching and charge trapping memory devices. In this study, we investigate the role of
auxiliary metal electrodes in modulating the surface chemistry and electrical characteristics of indium tin oxide
(ITO), a widely used transparent electrode material. ITO substrates were used as working (anode) electrodes,
while copper (Cu) and molybdenum (Mo) served as auxiliary (cathode) electrodes in an aqueous electrolyte
containing halide ions. Comparative electrochemical analysis revealed that Cu facilitated more efficient halide
ion release and surface incorporation than Mo. This led to enhanced current flow in ITO-based diodes after

treatment, indicating improved electrochemical activation.

Optical characterization using UV-Vis spectroscopy showed a ~6% decrease in transmittance at 550 nm
after treatment, primarily due to increased surface roughness and diffuse scattering. Concurrently, four-point
probe measurements indicated a rise in sheet resistance, consistent with the formation of a more disordered
surface layer. Importantly, Cu-assisted treatment not only improved the uniformity of ion incorporation but
also enabled better resistive switching behavior and significantly lower forming voltages compared to Mo.
These findings highlight the critical influence of the auxiliary electrode material on the electrochemical

treatment process and its resulting impact on device performance.

This work provides valuable insights into the optimization of transparent oxide electrodes for next-generation
optoelectronic memory applications, emphasizing the role of auxiliary metals in tuning electrochemical

modification outcomes.
Keywords:

Electrochemical lon Modification, Transparent electrode, Auxiliary electrode, Surface engineering
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Abstract

Monitoring hydrogen sulfide (H»S) is crucial not only due to its roles in biochemical signaling and potential
as a biomarker, but also because of its toxicity in environmental processes. Therefore, detecting H»S in both
liquid and gas phases is essential for comprehensive monitoring in biological and environmental systems.
Herein, we designed and synthesized a pillar[5]arene-based sensor (L) with 4-azido-1,8-naphthalic for
selective H»S detection. The azide group in the sensor was reduced to an amine group in the presence of H,S,
exhibiting the most significant red shift and fluorescence turn-on. Furthermore, this sensor demonstrated the
capability to detect H>S not only in solution but also in the gas phase. Based on this, the ligand was
integrated into a single-walled carbon nanotube (SWCNT) semiconductor to fabricate a sensor device for
practical H»S detection. The sensing performance was evaluated under nitrogen atmospheres with controlled
humidity levels — 3% relative humidity (dry) and 45% relative humidity (humid). Under dry conditions, the
sensor exhibited approximately 288% higher sensitivity than the pristine SWCNT-based sensor, and a
sensitivity increase of about 21% was observed even under humid conditions. These results indicate that the

developed sensor has strong potential for on-site detection of H>S with high selectivity and sensitivity.

Keywords: hydrogen sulfide(H»S), pillar[5]arene, sensor, semiconductor
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The TCR of a Bulk Si-based NPN Temperature Sensor
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Abstract

By employing an NPN structure on a bulk silicon
substrate to minimize leakage current, a cost-
effective and high-performance IoT sensor is
proposed in this paper. The proposed sensor is
designed with high—-doped top N-region and P-
region on N-type wafer. The characteristics of the
proposed structure are verified through TCAD
simulations.

. Introduction

In the fourth industrial revolution, it is necessary
to make high-performance IoT sensors. The
development of silicon-based temperature and
pressure(piezoresistive) sensors is being actively
researched due to the high reproducibility of
stabilized foundry processes. Conventional silicon—
based sensors have been predominantly researched
on SOI(Silicon-On-Insulator) substrates. However,
SOl substrates have a disadvantage of being
expensive. So, in this study, we used bulk Si. Within
bulk Si structures, a single PN junction is prone to
leakage current. Therefore, an NPN structure was
employed [1]. This paper focuses on the change in
resistance according to the dopant and concentration
in the Top N-region of the proposed structure.

II. Simulation

The program used for implementation is Sentaurus

WorkBench from Synopsys, Inc., utilizing the SDE
and SDevice tools.

The doping concentration is set to 1¥10™ cm™® for
the N-wafer, 3%10'Y cm™ for the P-type region, and
1.5%10%° ¢cm™ for the top N-region. For the mobility

model, "PhuMob’, ‘DopingDependence’, and

'Incompletelonization’ were used [2].

The total length(x-axis), width(y-axis), and
height(z-axis) of the structure were set to 225 ym,
1000 gm, and 1.85 /m

2.1 The concentration of the top N-region

The concentration of top N region is important
because it determines TCR(Temperature Coefficient
of Resistance) on temperature sensors. Therefore,
this study confirmed that as the doping concentration
of the top N-region increases, the TCR also

increases.

Fig 1. Structure of Si Sensor
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Fig 2. I-V Curve for various concentration
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Fig 3. Resistance vs Temperature

While lower concentrations have the advantage of a
more linear resistance change, higher concentration
benefit from a larger rate of resistance change,
resulting in a higher TCR.

2.2 The Dopant species of the top N-region

To improve the TCR, simulations were also designed
according to the dopant species. It was confirmed
that there was no TCR improvement effect depending
on the dopant species.
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Fig 4. -V Curve for various dopant species
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Fig 5. Resistance vs Temperature
I. Conclusion

To establish a suitable TCR for a bulk Si-based
NPN temperature sensor, research on parameters
such as doping concentration and sensor structure is
necessary. In this paper, we have identified the
parameters affecting the TCR of bulk Si-based
sensors, which are more cost-effective and suitable
for mass production.
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A Review of Laminar Microcircuits in the Primary Visual Cortex for
Brain-Inspired Computing
Yebeen Yoon', Jae-Ho Han'", and Hyun Jae Jang>*
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EX
The neocortex is built from a canonical six-layer microcircuit; in primary visual cortex (V1)
orientation-tuned thalamic drive excites layer 4 spiny-stellate neurons, which project vertically to layers 2/3
where horizontal recurrent axons integrate local context and relay activity to deeper targets [1]. Ascending
apical dendrites of layer 5 pyramidal neurons receive this supragranular input and send descending collaterals
that converge on layers 2/3 and 6, embedding a local feed-forward/feedback loop [2]. Layer 6
corticothalamic neurons close a longer loop by modulating thalamic relay gain and returning refined
predictions to layer 4 [3, 4]. Millisecond-scale inhibition gates these interactions. Parvalbumin-expressing
fast-spiking interneurons (PV) deliver rapid feed-forward inhibition that sharpens temporal fidelity;
somatostatin-expressing dendrite-targeting interneurons (SOM) provide feedback inhibition that suppresses
apical dendritic calcium spikes; and vasoactive-intestinal-peptide interneurons (VIP) transiently disinhibit
those dendrites during locomotion or attention, together forming the canonical VIP-SOM-pyramidal
disinhibitory circuit [5, 6]. Inspired by this circuitry, cortical laminar principles are already shaping both
algorithms and hardware. Predictive-coding networks such as PredNet cleanly separate “prediction” units
(layer-1/6-like) from “error” units (layer-2/3—-like), enabling sample-efficient video forecasting while
approximating back-propagation [7, 8]. Intel Loihi 2 carries the idea into silicon with programmable
dendritic and somatic compartments, as well as on-chip three-factor learning rules, allowing pW-scale
weight updates during inference [9]. IBM TrueNorth achieves real-time vision at only a few tens of mW by
routing spikes through a hierarchically programmable cross-bar that mimics layer-4-style fan-in and
layer-6-style fan-out [10, 11]. Building on this, a four-class soft winner-take-all (sWTA) circuit was
implemented on TrueNorth, in which VIP neurons transiently release SOM-mediated feedback inhibition;
when placed in front of a Vision Transformer, the module improved accuracy and robustness while keeping
spike counts low [12]. Transposing such layer-specific excitation—inhibition motifs onto silicon foreshadows
selective-attention ~ co-processors,  spike-efficient learning rules, and low-power  vision
coprocessors—showcasing how neocortical microcircuitry continues to inspire the next generation of

intelligent machines.
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Split Workload—based Operational Cost Optimization Heterogeneous Al
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Abstract

The rapid growth of Large Language Models
(LLMs) has
consumption and costs, making energy efficiency a

led to soaring data center power
critical issue. This paper introduces a dynamic
management platform to optimize LLM operational
costs. Our approach involves partitioning workloads
into functions, placing them on the most power-
efficient hardware, and then dynamically re-placing
them based on real-time monitoring of energy usage.
This cyclical process of prediction, placement, and
adaptation enhances the sustainability of LLM
services and offers a practical solution to rising

energy costs.
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Adaptive Window Size Selection for MDD Diagnosis using
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Abstract

Major Depressive Disorder (MDD) is characterized by complex, time-varying aberrations in brain networks.
However, conventional dynamic functional connectivity (dFC) analysis is limited by its "one-size-fits-all"
approach of applying a fixed window size that fails to capture these individual differences. To address this, a
personalization framework based on reinforcement learning (RL) is proposed, specifically utilizing the
Rainbow DQN algorithm [1]. As illustrated in Figure 1, this framework searches for an optimal single window
size for each subject. The proposed RL agent is designed to learn a data-driven policy that selects a window
size capable of generating the most diagnostically useful dFC features, with the agent utilizing the final
classification performance as a direct reward. Through rigorous validation on an MDD dataset, our model
achieved superior diagnostic accuracy, surpassing both fixed-window and other state-of-the-art adaptive
techniques, as shown in the performance comparison in Figure 2. In this process, it was discovered that MDD
patients and healthy controls exhibit different window size preferences, suggesting a new data-driven
biomarker. Specifically, the tendency for MDD patients to prefer longer windows is a significant finding that
may reflect the cognitive inflexibility and sluggish brain dynamics associated with the disorder. The present
study demonstrates that the optimization of window size via RL is a powerful strategy that enhances both the
accuracy and interpretability of dFC analysis. This framework has the potential to facilitate precise diagnosis,
customized to the distinct brain state of individual patients, thereby serving as a fundamental basis for the
development of objective biomarkers to assess treatment response.

Keywords: Dynamic Functional Connectivity, Reinforcement Learning, Major Depressive Disorder
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Continuous Memory Feature Fusion for Realistic Anomaly Image Synthesis

Ji Min Kim', Ji Seok Kim!, and Jong Hwan Ko'
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25

Anomaly detection aims to identify instances with abnormal or defective patterns that
deviate from normal data. It is essential in various vision applications, including defect
detection, medical imaging, and surveillance. Unlike supervised classification, anomaly
detection faces challenges due to the rarity of anomalous samples.
To address this, data augmentation methods have been proposed, mainly categorized into
pixel-level and feature-level approaches. Pixel-level augmentation replaces regions of
normal images with out—of—distribution patches, object parts from other images, or
noise—masked regions. However, these often yield unrealistic anomalies that degrade
performance in supervised settings. Feature-level methods apply noise (e.g., Perlin,
Gaussian) to features extracted from normal images, improving realism but lacking explicit
anomaly generation. To overcome these issues, we propose a novel feature—level anomaly

synthesis framework using continuous memory representations.

Normal
Image

Synthesized
Abnormal image

Defective CRAD for Abnormal
Region Image

Fig 1. Overall Structure of Proposed Method Fig 2. Qualitative results of our approach

Leveraging normal images and cropped anomaly regions, we train a CRAD [1] model to
generate features that are fused via a synthesis module and reconstructed into anomalous
images with a decoder. The fusion process applies transformations such as scaling,
interpolation, padding, and translation to control anomaly size and position at sub-pixel
precision. Our method generates semantically realistic anomalies grounded in real features,
achieving high fidelity with low computational cost. This work was supported by
SEMES-Sungkyunkwan University collaboration funded by SEMES and National Research
Foundation of Korea (NRF) grant funded by the Korea government(MSIT).
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Lightweight YOLOv8n—-Based Real-Time Damage Detection for Enhanced Road
Infrastructure Safety

Chan-Ho Lee*, Eun-Seong Yu**, Mi-reu Lee***, Woo—Jin Song**#**, Jin-Yeong Choi ###*#*,
Kyu—-Ha Kim#*#*x#*x Sang-Hyun Lees#xs#k*
Department of Computer Engineering, Honam University, Korea

automate road Inspections, reduce maintenance
costs, and prevent traffic accidents. Future work

Abstract

will focus on expanding the dataset to include

nighttime and unpaved-road scenarios and on

Road surface defects pose significant challenges further backbone optimizations to enhance speed

to traffic safety and maintenance budgets. This and accuracy for edge deployments.
study proposes a real-time (25 FPS) detection
approach for potholes and cracks using the I }\1%
lightweight object—detection model YOLOv8n. The

network was trained for 500 epochs on a combined

2022 195¥ 20243 2¥€71%], & 26701¥E &<t
dataset of 4,481 images—merging the public S AR T OAANET o %AE] vez
Roboflow Road Damage Detection set with m9le 5226270 % AAEROH, 2024 1Y o] F
additional field-collected data—and evaluated on an Ad =717 oiv] ok 588 F=sH1].

NVIDIA RTX 6000 GPU. The model achieved a 20249 29 HEARNIEERAE FEER A3
mean average precision (mAP) of 0.82 and an ged ki 18u]19]  Elolojrt  dhEEHE AlAE
overall accuracy of 0.83. With only 3.2 million TS TH 2]
parameters, the model is compact enough to run ol TR &Aool RidMsteE dAL Q=9
directly on vehicle-mounted edge devices, enabling A A A A 4 A EUE q94s AJAFSHTE,
on-board diagnostics without cloud connectivity. YOLO(You Only Look Once) A€ AA X7
Early-stopping analysis further showed that 9d AAY T2 AN EA7 Jhsshd,
performance plateaued after roughly 130 epochs, YOLOv8n Ed& ¢ 3.2 M ugvge ZHs 2
suggesting the network can be rapidly fine-tuned a0l ol (3],
with newly collected data at low computational cost. 2 A9E YOLOv8ns €83 YEZ 7449 5 &
&4e AN R ©Xsta, X YwulelA A&

These results indicate the model's potential to
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2025 HMXt-BEEH|. Q1 Z K|S ShET 3] =2 %
e Azstan d 45 nelv
H=2 2.4 71 A5 v
II. =+
2.1 HolE A 74 2 AA =9 mAD =3
ol 2] — 2~ A3
TR =a e T YOLOv8n 0.82 25 FPS, olx]-tjujo]~ 2] &
Eﬂ O] E1 E]]O] E1 MN- 0536 Mob.ileNetVB ]ﬂy}% +
YOLOv5 Coordinate Attention, K-
Road Damge 2,416 1,093 3,509 Means 47, =z ~849,
Detection T Azt g st
(Roboflow) ¥ 3. 7] A4 v
ZHA &S oln]H] 748 224 972
MN-YOLOv5%  MobileNetV3 — #l&E  7]gko]
bl 3,164 1,317 4,481 Coordinate Attention, K-Means <37, ¥ %4,
N LT T Fx AsevEnE 489 49 mas,
YOLOvSs ] spepve] 29} Adbsr& 7b2h 40%
oA AZEHAE = . Vi3 SEAFA] 71
xoF o] dolEAlS Roboflow® Road Damage /\]};O];‘[Z;} ;aurmAP_HD} Oi‘fi Iﬂlﬂb ° OG]PU
o o .
Detection 371 dHeo|gAly A Y ov[AE e ;\]i e ° el orel
Eotel] F  4481Fe=w  Fd 3,164, #H=EF st7g o o] AZ FPS &= HaE A ek}
vy R to] YOLOv8n 292 mAP 0.829F 25

1,3173S F=39th RE olnx&= 37 Fyi=
79, ol#d, TEEZZ AeAgsglon, Mosaic

0.7, &% &% 0.7, £15° 34, Shear 0.1 5 FT%
71HE AgE 2Ee Akl Ass =9tk
2.2 2El gz gl gk A

g4 mdz YOLOv8n(3.2 M parameters, 8.7
GFLOPs)S A& 3}lcy.

sto]# st} w|E]= epochs = 500, batch = 16,

learning rate = 0.001, Optimizer = SGD, Scheduler =
Cosine Annealing® 2 A 3}lal, NVIDIA RTX 6000
(48 GB) GPUO A 8t5S 883t}

TE= T

2.3 4= H7t

Model mAP  Recall Presis Accur FPS
ion acy
YOLOv8n  0.82 0.84 0.75 0.83 25
¥ 2. 4% H7 A3

3 2% YOLOv8n® A5 B7F Aot A5 AE
71% mAP(0.5) 0.82, Recall 0.84, Precision 0.75,
Accuracy 0.83, FPS 25% A3y Fxd
mAP2 g 0.85 <ojirdE 0.78, XLEZE 0.789
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Validation Classification Loss

© Results
— Smooth

200 300 400 500

Epochs.

a9 1 &4 g v

¥ 12 YOLOv8ne =4 g+ ZF Validation
classification loss2] W3lE AlZtsl skt z7]
&4 S oF 3.9914 Al&ste] Egol xS EA o
sk o, oF 130 epochelA 1.29760.%
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Physical Layer Security on Cooperative NOMA with active Eavesdropper.

Kyusung Shim

School of Computer Engineering and Applied Mathematics, Hankong National University

Abstract

In this paper, we investigate physical layer

security in cooperative non-orthogonal multiple
access (NOMA) networks in the presence of an
active eavesdropper. In the considered system, the
base station transmits messages to multiple users
using superimposed coding. The cell-center user
acts as a relay to assist the cell-edge user, while the

cell-edge user transmits artificial noise to degrade
the eavesdropper’s channel quality. Meanwhile, the

active eavesdropper is capable of both intercepting

legitimate transmissions and emitting jamming

signals to impair the legitimate users’ channel
conditions. Numerical results demonstrate that the
proposed cooperative NOMA scheme significantly

influences the transmit power allocation strategy.
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7ol e wel, o Eofol]  Falo]
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Constructing a Dataset for Korean Chart Understanding

dolQ, 4=, dRTL HAME, AT
2460/ =40/ E

Abstract

Z|Z Vision-Language Model(VLM)2 O|0| X| 2} HIA E 5 ob7H O|5i5t 2 X2[5t= HE|ZE 23 X|s
22 RN Aol XM Ofsl, B/XLE sHM, AlZt Ho|SH S LY 200 &8 7tsdS
HO|1 QUCH B AE= ST £=X| YEE UM = WHSI= A2 722l YAlo= [0[H 7|8
O|AHA 0N % dgg oot SHX|2 XM E= TOf, M, 3l & A|ZfH 24 %0 ot gt =,
He, et 22 HAE JEIL SN oz xotk(0] ol 0|5 S| siA5t7| fIshM = Al-
A0 S T2 80| RFECLCHL 2 AF0A = 2t=0] XE O|0[X[|E 7|H2Z VLM 9| g5 &
Hoto] &8¢ &= U= ot=0] XHE HO|HAME =55 ACE MetE Ho|HA2 IA M 7HX| 4

=
222 0RO ULt R, XALE O|0|X|0f CHot Chfst Eol5h= QA HIOIHZ, 3B F& T2
|

Level 1(OCR 7|8, S4 S A =2 4o =M A BSHMO| Level 3 B2 E

=
TMECH M, A E YEE O3 CH2 (Markdown) @ A10| HEE S Chart-to-Table H|O|EH{ 2 A|Zf
HEE Szt e 2 Batsto] Z=20| AIH —T—Il 78hF=ES A = A=F AL AN,
%, wel, M4 Bh 50| K= Al 94 9 OlEF B E A HAH 0l Y (S BN
Analysis IO|EH{2 REIO| the =X| FES GO0 AE THHOf| Cfot s A ap THEHE e = U R
HASIRACE M otst CIO|Ef O 2 Qwen2.5-VL 7B ZH & st& ot Aot XtH| A3t 2ol & HIt
HOIEMOIA Z|E Z-O| HI5H 11.32% d5 o= Z/UCH Lot Chefot AFHRH dd &
=M 71Ehe| XtE-EAM-& O|0|X|§ Zget oh=0] #HIX|02 ¢l K-DTCBench E7t0i|A] H=te
89.58%% 7| ZSIALCE = A= =0 RAE 7|H HOISH REO| s S MAISHH, &= ECt
Huot HE|RE 2 2A0 7|02 5= AS A= 7|T &Lt
Keywords: Vision-Language Model, Chart Understanding, Korean Dataset
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XGBoost—Based Solar Power Forecasting with LLM Meta—Judgment:
A Study on Intervention Ratio and Limitations

Youn jihyeon and Yun seongpil
2Al and Big Data Innovation MBA, Sogang Business School, Sogang Univ., Korea

Abstract
This study evaluates the impact of LLM
intervention ratios on the performance and
stability of XGBoost—based solar power
forecasting. Using 2024 data from Jeollanam—do,
we tested full (100%), collaborative (74.1%),
and  selective  (20.6%) LLM intervention
strategies. Full intervention maintained stability
but offered no performance gain, while

collaborative intervention degraded accuracy. In
contrast, selective intervention preserved both
XGBoost—level accuracy and stability. These
findings suggest that LLMs are more effective
when selectively applied in uncertain situations

rather than uniformly integrated.
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A Lightweight Software Solution for Log Analysis
O[Ald, AR R, AMB, FX| 21

By 2 EEGOIFE T B, YT

*Corresponding Author: zhwang@uhs.ac.kr

Abstract

1. Background

NEDLE|= AO|H [t Al 7|= EEHO| H=22|H, Al E 28 58 34 ZX| A|AH
T=0| S0{Ltn QUCH SEX| T o2t A|ARISl =2 HE 2 AREY A1t HE2 a72trt
SHH, B2 GUI 7|8t 20 M AT EQ|0= HA|ZE 242 EESHX| ZSHALE # 230] Cist
B 7|sS MSOHK| Xt ot AX| 10| S5t QI O|AZE AFE AL XA O|X| G2
BT} Bt
2. Objectives

2 OIpE, @ MX|SO] ALG THs3h FYst B Mg 20 N R 4L SHOR B}
O, M2 HAY XS 2SO, H2 HZOR 288 4 UM, HAIZH £ BHH, ¢
20| Cifgt oFEITH WYl 7|52 MBS0, A 2HO| ZHEHSER, IEIH|0| AT AL HsiE ol
2 7jgto] 21 84 E7E UL

3. Methods
Docker container 7|t A|AHIS LESICH 2 AT EQ|0= AFEXIE QI3 QIEI0|AE
Nextjs 2f React 2 721510 K| SotH, I AE A|ARQ| 2[HA ZEAZE AASHH ALBSIES
MAZ|ACE S ME|AE LHEH OS2 2|2l PHP-Apahce container O] =H|El APl 2t SAISHC}
APl = 2 A|AHEIO| dliY 7|52 242 8ot g 54 4|, 210 ¥, 218 7|tte=z o

Al 2ot EHIM &Y S)2 MSSHCE

M

B

4. Results
Zgol 22 UM It HRAo| 7just 21 242 5, ¥ B3H2 S5HCE X
A2t 510 HA|St= 2T EQO] 7H20| 2tm & RUCE
5. Conclusions
ATtE AN =2 7120l ME|E2Z MESHO A8 st dF 21 24 =2 HiZS
£

&ot0, 7 elut Atz| XHAOA 2 7Hse 2ot

oK

oA
o
n
ol
ot
0o
m
pe)
_|
1o
re
=)
H
M=
mo
ofm
rot
HU
|

4 E2E g5t A MEE 7Hde o
=4 A7 E =830, X d=H=E 7ide ogo|Ct.

Keywords: lightweight log analysis; real-time log monitoring; regex-based attack detection; local LLM integration
References

[1] A, 0|5 A, O[S, 0| 52, "2l 54 OfmtA| @ M HAIZt 20 M5 St 54 BX =203 7

M| HEEO| MH =&X|. vol. 24, no. 4, pp. 190-197, 2018, doi: 10.5626/KTCP.2018.24.4.190

2] 2ET Y Bt BUERS ANET 24 ALY 87 L 7 HIRA LB Y| =2%
12,1n0.3 (2016) : 105-111.

154




2025 WXt BHEH|- Q1R XIS SHaTHE] =2

Spatial-Aware Image Denoising through an Encoder-Decoder Framework
Thanh-Dat Nguyen', Le-Anh Tran', Ki-Chul Lee', Cheol Gwon', Eung-Seon Kim', and Moonsik Kang?
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2Department of Electronic Engineering, Gangneung-Wonju National University, South Korea

Image denoising is a fundamental task in computer vision, aiming to recover clean images from noisy
inputs while preserving structural integrity. This paper introduces an innovative adaptation of the
Encoder-Decoder Network with Guided Transmission Map (EDN-GTM) [1], originally developed for image
dehazing, to address image denoising. This adaptation is motivated by the conceptual parallels between
dehazing and denoising, as both seek to remove unwanted visual artifacts (haze and noise, respectively)
while retaining important image features. Notably, the transmission map in dehazing provides structural
guidance, which can serve as a spatial attention mechanism. Leveraging this insight, we reinterpret the
transmission map as a spatial guidance mechanism for a U-Net-based architecture [2] to enhance
denoising performance. The proposed network, inspired by EDN-GTM, is redesigned to be more compact
while still incorporating a Spatial Pyramid Pooling module and Swish activation to better preserve edges
and textures. An overview of the proposed framework is shown in Figure 1. Experimental results on a
synthetic dataset demonstrate that the proposed model achieves favorable denoising performance with
high visual quality (see Figure 2), effectively balancing noise suppression and structural preservation, with

an average inference time of only 31 ms per 512x512 image.

Noisy Denoised

Concatenation

Transmission
Estimation

Noisy Image Denoised Image
Figure 1. The proposed framework. Figure 2. Denoising results.
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T o], /7Y BEYE Folv ol AA 7o gh
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F7FelARY, Ade] EFEA @dx g F FERER
TAEl Ao A H&E ¢ Fdo] zhdsith
oldA AAHE 57 WEE= FZ Ridge Regression
EE 22X 39 BRI gEEe] HF dS5S
Tt dubdor FA4AY dolHAdAE WM
Airstel WA Fe] 7Hsdk Ridge Regressiono©],
giats dolHAdAE  Ggde]l & EZXAH
3|77} ARg-E T
ROCKET AdS 3FskA e =35t1
ksl AAE BE EAdA E& A2 Holw
53] we Ay o 'ed & Yo baseline
a2 de &8 9tk olg  AHlA
ROCKET 33k 5 glol= AAIYE vdolH 9
tgeket B4 23 ¢ de Z84 UHe=
7 (1].

2.2 PatchTST

PatchTST(Patch-based Time Series
Transformer)=  AIAIE oS S Agd
Transformer 7|¥F EAZ  AAE dolgE X
w2 F3sle] Y€t Wale] EAol. 7|E9
A AE  Transformer EEEo] F= QIaf-tjzy
TZE2E ARESIAY 72 AlA(time step)E =HAS
EZo2 A3k g vldl, PatchTST+ AlAIE AA=

348 Aole] AAEZ Yol shte]l Adxm
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Projection + Position Embedding

Instance Norm + Patching

Instance Norm + Patching

Input Univariate Series Input Univariate Series

a9 1. PatchTST 29 %
S PatchTSTe A F2E Aoz
Ao, g8 AAES dAg dojo A=
F, 7t A5 A8 dwdste Transformer
AAE HAETh 4 X d &=
< positional encoding©]
g9 A5 4 "HasEd) e
Transformer FH+=
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[kt ZAow, §1Y dHeolHE ITE
representation layer)E %3] ZA
wfg el F, 2 AA x2de] dSH+=

Ay AAE =
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ool <l
AA o] QlTh
3], shared representatione & W&k
ARCIRASSE= ST S R R
xds A, o=
confoundingS A&t Kt}
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tlo
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specific headE2 Zt7te] e wE ARE
EHHoR FPFoRN, JEHol 3N e
o5& 7hsshA gttt

TARNet2> RHWAHoRE w3k feedforward
YEAIAH Holx|vk Q13 FEolgts HA o gE
TZ2A AAe} xd TH o] uAlEo] 9l
AAE TRl e 2714 o945, Ayl 7|dt
dZ, e AAEE MY a7 =4 T HA8d ¢
Qe FAgt 7S AT oy 54 53
MTS $7ZdA Wy 7F Af#dAE wrget Adst
A5 7hsatA &, 53T AAE el oig
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Time Series, MTS) Hlo|EHE ®mHZHOo 7 315317
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A8 7heds v B4 7t RES AR e
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ROCKET2 38h5=A 2+ 5239 4w A4
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A AR g8l w2 Ao AE&H RdR
B7Fdth. PatchTSTE Transformer®] 7] &4
gEF sEs AAE CdFed HAstd  FHE
Adske], A Zink dE el A QA
AAE FA A5 Aed WEAS
HolFdth TARNet <3} F8 7|we] x5
ANAG BAo Sgdtoen, A4 o= 2 W5 7
A A sfAelets S F2 &A=t S
He S AEdt
ol RHEZ i dF AIEE dHolA,
AAIE HolE o x4 olsf, WM I FEEE o,
A A FH T OFd B4 F45 ok
A AAEe zha vk mes] B m=ito] AR
Hlaelh £4E, dAgabge] 54 ZA gl ste
z2ds  AdgeAd AlzE slelBrg=E 2dg
AAskE dl slo] AEAR] BFEE AT = dEs
Aotk EZ & AulolE nigem, FF MTS
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= 3 oAEd =y 2dey] 99
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F G A2 EE7L Private-5G A2 A Y= v FAIZA SR E

Joon Kyung Lee!, Sang Sik Yoon', Myoung Soon Kim? and Sang Jin Lee?

'ETRI, 2Man0s0ft Inc., 3HMSolution Inc., Korea
2%

2 Horizon-Europe T3S T2 SYNERGISE ZE2ME = ot XA s L QXIS LMHS W

M Aol 3578 &l(First Responder: FR)E0| ZI2E &30 F2UX|SEXS(XAI+AR)S UM R F5| It
Tt ztof MA| EQstn, sIAX[Z 25 SZTTLELUEE)E U0 LNz TUHMUZE SA| BHYE 5+ U
C31/IMS K| 2| XA 7|8t &7 Toolkit ZI S HFAEHES 7 LSt UL (2023.09. ~2027.02.: 3.5 )

£ Horizon-Europe 2| §&,0|=,¢&.3t= & 18 7l 7|2E0| &0{St= SYNERGISE O Al ETRI & CHESHAY,
A E KT AT EAY HEEAL & ST 7|t

=
HT1EE EXE2 FYOUAM Closed-loop HEHZE AI/M
7t

L
2H(—30 %) OlLjoll RS- AR o2 T 4 Ut

Private-5G S & X| X gNodeB 2t Core Plane 2 & X|50{ 5G A0

n
i
wn
Q
C
m
Z

AT 2F2E{. 5G-to-Satellite(LEO)2t2|

QIR HAZAEE QISR 2LE, Radio Unit £ 82| U7HHC2 HMf F2 =F2| HO|E M2 H2 &7

Ohs ISt sHel THHETMEOIA PoCc HEY HBAIHEES HRASHALCE &= 2025 HOll= OO TS

20~100Mbps 2 TSI MEHIE 100m x 100m 2 SCHSIY S 40| TR LSO MM wE/SQLN
A

EE/INY-BRS)0 S Capacity & 52|21, ZE Fx2=F5 U0 2183 SUE + U=F TH-on Al 10~20 2

Lioll 2l 58410l At E =5 1 oSt}

AEHez2s Mo  Xs2 HEAESAY FEOX R8S fd HAdSAHY U
SDN/ONOS/&&X|5(AUML) 7|82 SON-X|s&MY XE&2|E F5510 SIP/VolP SEA{H|A #0F OfL|2t
HE|O|C|O] 7|Ho| ADLEQHA FXEBIO0| O ST S 7|52 0|85 HYRE Urd/AAAMNEES
7hS AN 2 T SZLHO0|H & STYCHEet M1ES g7 5 = JUs X7 X5 HEHHA H ST S
M-St ot=o| MO A, ZEE, A HTX|F §) 4435t LEO/Private-(B)SG & Long-range AloT
S WiFi-6E/7E €1t A8kl = H 4 SN HE HRE =it A X}t SHot

Keywords: SYNERGISE, Disaster Rescue XAl+AR Robots, Private-5G Field Communication
Acknowledgment: = =&-2 EU-Horizon Europe “SYNERGISE” = 4|5 & ¢ ItA|ete| HA L=t50] =8t

ACH, 2023 H= NI FSFAUTP O PP RU2Z X[ AS HOF +HL|D A= 3AHEE AFZIY. (2023.07. ~

+

2025.12, A E: S 28 XY X =4Y AAHY U 0|5 Atg HENZ dY7IE i,

References
11 0|F4 2| 5 2, "The Research on a Cloud Intelligence Communication Platform of Smart Edge Devices supporting for
Metaverse Spatial Reality", IARIA L NetWare/AFIN 2023, (ISBN: 978-1-68558-093-3, September 25~29, 2023, Porto,

Portugal)
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2025 Mt UHEH|- Q1B XS SHATHY] =2 X

P EAA Y] AF EES NS 2ak dolE A5 TN ) WEAR P b
HMEZ gAlste] A wAue sgel Wel B8 dul gEAoR AguH:
A

Zo| = Az A w2 W % (square quadrature amplitude modulation, SQAM)©] 91,
HTol= SQAM 9 oyuA] a&S /At 98 AA A AudF WM (circular square
quadrature amplitude modulation, C-SQAM)2] & wW<to] AAIHIL o]&4 kA7t
EAH AT E Aol A& 7] C-SQAM 71 el A Ak A& 33k AMZ AL SHg gt
=, w4 AA Az Ao A FAt UAE HAasteke MA AR S FEShE WS AlAlskaL
d 1, 2 9 o] Mo F7bel whet Ao o] wEA PR FHTE
Hol Ht AR} A JAF AE ANFE EFsta 71E A FEH FEHY AR
wgto M Mo wE 54 wWels etk #4 A M=512(=29Y W Hit oA
52 0.2665 dB, M = 4096 (= 2°)Y wf 3 o #] o] 52 0.3268 dB 4 &<13}t

ﬁd
L
i)

N

jus)
= = =

[e}

0 10 20 20

a9 1. M=512, C-SQAM 19 2. M=4096, C-SQAM
References [1] C. Compopiano and B. Glazer, “A coherent digital amplitude and phase modulation scheme,” IEEE Tr.

Commun., vol. 10, no. 1, pp. 90-95, 1962. [2] M. Seong and S.-J. Park, “Quadrature amplitude modulation with circular
boundary,” J.KICS, vol. 49, no. 6, pp. 801-806, Jun. 2024.
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Secure NFC-HCE Authentication with Quantum Random Number Generation and Multi-Device Key

Distribution
See Jong Leem!, Sang Zee Lee?, Sung Rae Kim?, and Junhee Han’

!'TECH UNIVERITY OF KOREA, Korea 2Opt0Scan Co., Ltd, Korea * Junconnect Co,, Korea
ES

Near Field Communication (NFC) with Host Card Emulation (HCE) enables secure mobile
authentication and payment systems, yet faces challenges like session initialization instability. This
study presents a novel framework that integrates a buffer file mechanism, quantum random number
generator (QRNG), and a multi-device key distribution system to enhance the security and reliability
of NFC-HCE applications. To address HCE initialization failures, a buffer file temporarily stores
transaction data, ensuring data integrity with a 95% success rate in transaction continuity under
stress testing. For heightened security, a QRNG-enabled server generates high-entropy key pairs for
cryptographic operations. Upon an OTP request from a smartphone, the server distributes private
and public keys to both the requesting smartphone and a PC client sharing the same user ID, enabling
secure multi-device authentication. Lightweight encryption protects buffered data, while
QRNG-based keys reduce the risk of cryptographic attacks. This approach minimizes computational
overhead, making it suitable for resource-constrained devices. The proposed system offers a scalable,
secure solution for NFC-HCE applications, with potential in mobile payments, access control, and IoT
ecosystems. Future work will explore adaptive buffer optimization and advanced QRNG-based
cryptographic protocols to further enhance performance and security.
Keywords: NFC, HCE, Quantum Random Number Generator, OTP, Multi-Device Authentication,
Information Security
References
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[4] Freemindtronic. (2021). NFC HSM: A Secure and Flexible Solution for NFC Applications. Freemindtronic.
[5] Hosseinzadeh, S., & others. (2022). NFC Threats and Attacks: Applying a Low-Cost Algorithm for Secure Channel

Using Twofish.

164



2025 FX}-BEEH|- Q1B XIS SHAUIS) =2

2UtER A58 FUHY A2H T3 28 47

Hoon-Seok Jang!

'Korea Electronics Technology Institute, Korea
Ex
ARGV B o m AR JAH HIIoT) 718 7159 7ol 4he] A& A7) aL 1o,
g ok 11 g-go] AH I ek, 53 AvtERL IF FE AGe] AU A% 54
3l

-
o zutEge AR YAyt EFAL wolv] A A% AL
LH s

ol el AQFET). HlolE £1E 918 WARES) AA WE I RS-485 F41& Fal 9714
AA dolE (5, F=, CO2, A}, A&, A%, EG EC, o] EC, e} pH)E =5 3he] DB
Ay A,

References

[1] S. Madakam, R. Ramaswamy, and S. Tripathi, “Internet of Things (IoT): A Literature Review,” Journal of Computer and
Communications, vol. 3, no. 5, pp. 164-173, May 2015.

[2] N. H. Motlagh, M. Mohammadrezaei, J. Hunt, and B. Zakeri, “Internet of Things (IoT) and the Energy Sector,” energies, vol.
13, no. 2, pp. 494, January 2020.

[3] S. Kim, M. Lee, and C. Shin, “loT-Based Strawberry Disease Prediction System for Smart Farming,” Sensors, vol. 18, no.
11, pp. 4051, November 2018.

[4] K. H. Son, H. S. Sim, J. K. Lee, “Precise Sensing of Leaf Temperatures for Smart Farm Applications,” horticulturae, vol. 9,
no. 4, pp. 518, April 2023.

[5] 1. Jebli, F. Z. Belouadha, M. I. Kabbaj, and A. Tilioua, ‘“Prediction of solar energy guided by pearson correlation using
machine learning,” Energy, vol. 224, pp. 120109, June 2021.

[6] S. H. Han, H. Mutahira, and H. S. Jang, “Prediction of Sensor Data in a Greenhouse for Cultivation of Paprika Plants Using

a Stacking Ensemble for Smart Farms,” Applied Sciences, vol. 13, pp. 10464, September 2023.

165



©
0) 153 [<) ._.r_u oF
mwo W i =
oju W@L olo alo 101 jl_ o
= o o %0 3l S o o 5 Ko
g8 gL e . & R L2
x5 05 = S T % ow o k=
1 = . | - o = 0 4l
= or <r ) T [ R ol o K piltl 0
DA o MoBm 2 ol By o 3 our 0 X
T v B u = &5 3 2§ om 8 Y S
2oy v o= 2 w o = i O g IR 2
- ! S ol % Z @ A nS n
- 2 o+ o < ol K- Z n .
2o g2 - R ® & 2 s N
) wjr o - or ol e N B - & y
N (1] = Kr = 70 e ~ G O._ L_L
< S T ol o K or n - N 4 o ) 0 Il N
—~ <L 1| S b ol < o 2 S o ol
0 0 o< o ad ol — E © T mjn
KO = o r ol K %_ %0 2 IH — oF B kio r-
N g : 2 A £ T T o g o« T
BOE S o3 o= oz X T o owm g 5 g =T B -
D X 5 B A S N X5 8 3 S ur CIRS N
it o m 8 iof Ll ofu @ < H Y & K = > or o1 1H —
o o_a w S <0 _ﬂl oo = W_._ %0 0 Pl = E rw o = o’ I
o = Wz [r) T 13 ot — E — = [ i o S =
& (i S A 5 - I § % g v 5 2 0
ol A = 1] 5 1
i R ORI S 5 ¥ Tz 8 5 2 o 2 o
K T 7 ~ To. [ —_ = -
o R 5n 9 o w5 A cox e g M
o Mg 2 o W ow &g oom & 2 N z
= w83 O A SR W8 5
W o = = 23 1ol - ol all o ol o, 10 oju 5 K
! w g S S = J = R o ' Klo ot o © 5 o o
K > 3 k= = < o< o1 = R <0 = > KF = = "
| 3 s =] K&r ﬂ_ = Ar - o 1 V] =+ > -
4 w3 0§ sz W K < % 3 I ow oo 3 A
S 2 § o I 5 SO - R A R R = K
A ol S olo = E! £ il — — S n = Ho e %0
b ¥ 2 % o®m < s = 7 = 2 g
d.ﬂ g 1! oF o I K o el 3T = ~d =< %\
p= i — i o A H0 ol o
& o 00 i 1o =l A o0 ol o i | Iy
= g o o p W T X < 2w X LR B
Le I e < c had
= S Koo <0 S R g
Y rooB R g I oo %0
> F R oE BB Mogoow 2 % o@ O K
o 1l =q - N & 0 b - =) o = ro
R L K& goomo =
R4l iy w0 L I ¢
rd I %0 [ - .A
) <




2025 WXt BHEH|- Q1R XIS SHaTHE] =2

LIEFSRUCE. O|= EEG o 2L|R22t= MZ CHE ZEHI|E[7) 47| CHE 4l SES d2E2AHoR

|0

HEet

mjo

Al=
2S5

Z 203 £ Z10|tt
= Aol FQ 7|0 = L2 Z0h AW, EEG X 2L M| A[S Y EYE SA0f az{st
HEZE HE =8 EASIALE =M, 2t ZE2E| Zte| S YE 8l 8es Sl 248 242

MU SFAAIZIC AT, DEAP S 7|UHO2 M3 S 330 2N HOtE REo| Mg Th54S

olstAtt. Z2Hez, 2 A7s dElilzet 2re oS St BE[ZE Hild 20|

Acknowledgements

2 £22 juHE YRAEIEYESNR U2 HBARTE X

rio
o
ng
2
4
0%t
rn
re
-
oo
2

]

NRF-2023R1A2C1006756).

References

[1] G.Pei, et al. "Affective computing: Recent advances, challenges, and future trends." Intelligent Computing 3 (2024): 0076.
[2] B. Pan, K. Hirota, Z. Jia, and Y. Dai, “A review of multimodal emotion recognition from datasets, preprocessing,features,
and fusion methods,” Neurocomputing, 561, 126866 (2023).

[3] V. J. Lawhern, A. J. Solon, N. R. Waytowich, S. M. Gordon, C. P. Hung, and B. J. Lance, “EEGNet: a compact
convolutional neural network for EEGbased brain—computer interfaces,” J. Neural Eng. 15, 056013 (2018).

[4] S. Bai, J. Z. Kolter, and V. Koltun. “An empirical evaluation of generic convolutional and recurrent networks for sequence
modeling,” arXiv preprint arXiv, 1803.01271 (2018).

[5] K. Simonyan, “Very deep convolutional networks for large-scale image recognition,” arXiv preprint arXiv, 1409.1556
(2014).

[6] S. Koelstra, C. Muhl, M. Soleymani, J.-S. Lee, A. Yazdani, T. Ebrahimi, T. Pun, A. Nijholt, and . Patras, “DEAP: A

167




2025 MX}-BEEA]- Q1R K|S SHATH

database for emotion analysis; using physiological signals,” IEEE trans. on affective computing, 3, 18-31 (2011).




2025 FX}-BEEH|- Q1B XIS SHAUIS) =2

HEREE R T vlol vk Zk JAX A AE 2 Jpd

Wooseop Kim' and Wonhoe Gu'!
NEUBREZE Inc., Korea

gol F43) Frhete] Aad

g
EAA o (MCDY F24] 217
il

=]
A 8HSCD) %t 2 7 &S t}. o] = s A3lr] 98 vt
WA So] AlEE AL glovt, H 37 7)5 ] At AA A G 27] npo]l QA RN AFE AL
= 9 =

st aLat gk 21
T2y 7539 S 2b A=) w2 prefrontal cortex W AFAY ST Wt} 7S vlo] QupAE F=Q
SR 072 &goto] AR o] A% o] d A w1, FHAJNAAsHE A starz} g

ol 2%t 117t vio] e Wt = vl A Aol A w2 AEE TheshA & Ao dddn
e 27 ALERS 7hder] fal] A AAWNO), B AA] i (MCD, Avi(DT) Lol th
10,000 71¢] g4 dlolH & AAdetaith Oﬂq dloly AL 71E A7 Aol A =Fd A,
BEjAAVG N, 2w 2579 $2 75 HA Aot HE s vlolH SA[3,4]1& x5t
skt HEo] Akl HolE 7t 7HA = wmol= 588 vkdatr] flal dAdolE ¢ oF
5% 7HF-AIRE ol =5 qlolm A sto] e AWk <l HlolH o] 548 kel

A HolE 7o g el HAstE RS 3] 9, WA 570 i FE B
(A28 39, o A B, A9 ¥E v, did £ 2E, XGBoost) & AW, 4738t
H7 ebelar, 71 A3 XGBoost 7F 0.8255 2= 9978 F1 score & X g RS HArd 2
A7 Zo Grid search & %3 hyperparameter 733 71 %] 0.8531 & SFA| F o}

o] & 43}y parameter = 53] HZ YA ¥ XGBoost L 0.8767(¢F 88%)2] A% &7

A3E wgdth FF 29 % P A9 GYUoIH @ L EE Folx A4 Hol 29
AR AL Bal U AN B AFEE wolk RS BET o holn, o @ B
Be QA % A6 2748 el/EUEPol 7)eld Ao ek

Acknowledgements
This work was supported by the Technology development Program (00511159) funded by the Ministry of SMEs and Startups
(MSS, Korea).

169



2025 MX}-BEEA]- Q1R K|S SHATH

References

[1] Diez, Ibai, et al. "Tau propagation in the brain olfactory circuits is associated with smell perception changes in
aging." Nature Communications 15.1 (2024): 4809.11-24.

[2] Murphy, Claire. "Olfactory and other sensory impairments in Alzheimer disease." Nature Reviews Neurology 15.1
(2019): 11-24.

[3] Kim, Hye Ri, et al. "Cut-off scores of an olfactory function test for mild cognitive impairment and dementia." Psychiatry
Investigation 17.10 (2020): 1021.

[4] Kim, J., et al. "Classification of Alzheimer's disease stage using machine learning for left and right oxygenation
difference signals in the prefrontal cortex: a patient-level, single-group, diagnostic interventional trial." European Review for

Medical & Pharmacological Sciences 26.21 (2022).




2025 FXH-YHEH|. Q1B XIS SHATHE] =27

Effects of Load Knowledge and Load Magnitude on Cognitive and
Physiological Responses during Lifting Tasks: A Multimodal EMG-fNIRS
Study

Jaesung Kang', Jae-Ho Han?, Hyeong-Dong Kim!* and Jaeyoung Shin**

'Department of Public Health Sciences, Korea University, Seoul, 02841, Republic of Korea,
’Department of Brain Engineering, Korea University, Seoul, 02841, Republic of Korea,
*Department of AI Data Engineering, Korea National University of Transportation, Uiwang, 16106,
Republic of Korea

Abstract

Accurate knowledge of object weight is essential for effective motor planning and physiological regulation
during lifting tasks. Lack of such knowledge may lead to altered neuromuscular strategies and increased
injury risk [1]. This study investigated how weight knowledge (known vs. unknown) and load magnitude (3
kg vs. 9 kg) affect cognitive and physiological responses. Thirty healthy adults performed repetitive lifting
tasks under a 2 x 2 factorial design. Surface electromyography (EMG), inertial measurement units (IMUs),
and functional near-infrared spectroscopy (fNIRS) were used to monitor erector spinae (ES) muscle activity,
lumbar kinematics, and prefrontal cortex (PFC) activity, respectively. Two-way repeated-measures ANOVA
and paired t-tests assessed main and interaction effects. Subjective exertion was evaluated using the Borg
CR-10 Scale. Results showed that unknown weight significantly increased ES activation (p = .045) and PFC
oxygenated (HbO) and deoxygenated hemoglobin (HbR) levels (p < .001 and p = .030, respectively). Load
magnitude also significantly influenced ES activation (p = .004) and HbO levels (p < .001). These findings
indicate that cognitive uncertainty and physical load jointly modulate neuromuscular and cortical responses.
This study supports the value of multimodal assessments and highlights the importance of considering both

cognitive and physical demands in ergonomics and injury prevention [2].
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Abstract

Full-field ERG (ffERG)= Y9 ©H|Of HX|= & X=0) Tt X Ql M7\ de|ey i3S
7|=5t= YAz, Aol MutH el 7|58 B71ote= O Ee| AM &L 2|t YA ERG EH|=
OS2 0710 Q=4 FH[Of o|ESt D s H7HO|CH & g7 X2 I 7|& &2 7HY3 ffERG
SY AMAEE A5t 0|5 Soff dHdl= FFo| 28E =0|= ol ALt

I L i - ’
57, M98t EHE AKX EE FEEICH Lot F X 52 00|22 AEZEHE Sl Mo &0, &
A= AZH2 sms B FHE|QJUCE SHE A|AHRES 2830 E+8 7cds/im> ZHOM ffERG FES
S Aot 18~27 uv 37|29 ffERG A=} & 25ms 2t 45 ms X|HOA a-wave 2t b-wave 7t
EHEE| AT
= 7= FUSHE K= Mo 7|t dAie 5 2|28 A ERG 5 A|AHS 7t S
MAISHY, gk otaf RICHFH[O| I 4t I XM= 7|8 TICH 7| &0l LA 7|0 = U2 ARE

Keywords: Full-field Electroretinography (ffERG), Electroretinogram, Diagnostic tools, Electrophysiology

light stimulus (0 to 5ms ) b-wave (~45ms )

a-wave ( ~25 ms )

[Fig. 1. Transient ffERG. The yellow trace represents the ERG signal (500 mV/div), and the blue trace represents the
photodetector output (1 V/div). The horizontal scale is 20 ms/div.]
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Unity—Based RSAR Simulator:
Design and Analysis of Camera Projection Geometry

Hanul Yum and Ahyun Lee

Department of Metaverse&Game, Soonchunhyang University

Abstract

To address the inefficiency of verifying camera—
this

paper presents a robotic spatial augmented reality

projector calibration on physical hardware,

simulation framework in Unity. Camera extrinsic
parameters are estimated by applying the direct

linear transformation algorithm to a synthetic 3D-2D

point dataset and validated against ground-truth
values. The simulator offers an efficient, flexible
testbed for AR research and will be extended to
include virtual projection and distortion correction
for broader experimentation.
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Abstract

This paper presents a machine learning approach for
detecting and predicting craving episodes in patients
with Alcohol Use Disorder (AUD) using multimodal
data collected from smartphones during daily life.
Traditional craving assessments in clinical settings
rely on retrospective self-reports, which limits the
ability to capture real-time fluctuations in craving
To
collected daily active survey responses—including

intensity. overcome these limitations, we

mood, stress, and alcohol intake—as well as

behavioral data from six individuals diagnosed with
AUD over the course of one month. Leveraging these

smartphone-derived features, we trained and

176

evaluated multiple machine learning models (Random
XGBoost,
LightGBM) to classify craving intensity into two

Forest, Logistic Regression, and
levels (low, high). Our models achieved an overall
classification accuracy of approximately 60-63%,
with the highest performance observed for detecting
low craving states. Correlation analysis indicated
that negative affect and stress levels were strongly
associated with craving intensity. These findings
demonstrate the feasibility of utilizing both passive
and active smartphone data for real-time craving
detection in AUD patients, paving the way for
personalized digital interventions without the need

for additional wearable sensors.
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Implicit and Explicit Domain Alignment for

Cross-dataset Brain-Computer Interface
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Abstract

Brain—computer interfaces (BCls) are systems that translate brain activity, such as electroencephalography
(EEG) signals, into interpretable commands, and have gained increasing attention in neuroscience and
engineering. A major challenge in BCI research is the large variability of EEG signals across individuals,
which limits the generalizability of models to unseen users. While many recent studies have proposed cross-
subject frameworks to address this issue, these approaches are often restricted to a single dataset. However,
collecting large-scale EEG datasets is both costly and time-consuming, making it essential to leverage multiple
existing datasets to build more generalizable BCI systems. This introduces additional challenges due to domain
discrepancies across datasets. In this paper, we propose a unified EEG classification framework that addresses
both inter-subject and inter-dataset variability. As illustrated in Figure 1, our method first performs implicit
domain alignment using a dataset-aware feature extractor to reduce dataset-specific style differences. The
model then disentangles each EEG signal into class-relevant and dataset-relevant features. An EEG label
classifier is trained on the class-relevant features, while a dataset classifier is trained on the dataset-relevant
features. During training, we apply mutual information minimization between the two features to remove
dataset-specific information from the class-relevant features, a process referred to as explicit domain alignment.
We evaluate our method using three motor imagery EEG datasets, BCI Competition IV-2a [1], KU-MI [2],
and GIST-MI [2]. The model was trained using all subjects from all datasets except the target subject, and
evaluation was conducted on the target subject. The results in Table 1 demonstrate that it significantly
outperforms baseline model across datasets. These results highlight the effectiveness of combining implicit
and explicit domain alignment strategies to develop scalable and robust BCI systems.

Keywords: Brain-computer Interface, Motor Imagery, Electroencephalography, Domain Generalization
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[Fig. 1. Overview of the Proposed Framework.]

BCIC-IV KU-MI GIST-MI
Baseline (EEGNet) 60.27 77.40 80.80
Ours 76.56 77.58 83.06

[Table 1. Experimental results of our method compared to the baseline. |
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Abstract

Major Depressive Disorder (MDD) is a mental disorder characterized by depressed mood
and loss of interest, significantly impacting daily life. Accurate diagnosis is crucial for
ensuring effective treatment. However, distinguishing MDD from healthy controls using
functional connectivity (FC) data is often challenged by the limited number of FC samples,
with additional challenges arising from class imbalance. To mitigate this by augmenting the
training dataset, we modified R3GAN to specialize in generating FC data for MDD diagnosis.
R3GAN employs a discriminator loss combining Relativistic Pairing GAN (RpGAN) loss with
R1 and RZ2 regularization penalties. We modified both the generator and discriminator to
process single channel inputs and enforced symmetry on the generator for FC structure.
Rather than using fixed low filter pass based interpolative resamplers, we introduced
trainable convolutional modules, ConvTranspose2d for upsampling and ConvZd for
downsampling. We conducted an ablation study on REST meta MDD dataset on Site 20 to
evaluate the contributions of regularizations by progressively removing R1 and R2 from the
full configuration (RpGAN + R1 + R2). As shown in Figure 2, the full configuration
outperformed the non—augmented model on all metrics. Removing either R1 or R2 reduced
performance, highlighting the importance of both components. These results demonstrate
the effectiveness of synthetic augmentation with R3GAN for improving MDD detection
using FC data.

X

:real FC Result Acc
I_’ D(X) : real logit
(X) g
NoiseZ = Q€N —p ka(Z)FC — D(G(Z)) : fake logit 0.66

o —-Non-Augmented 0.62
H Relativistic —-Augmented (RpGAN +R1+R2) AUC Sens
! Fairing Loss Augmented (RpGAN +R1) 0.5
| | kv | Augmented (RpGAN + R2) <\
i e Augmented (RpGAN) =

F1 Spec
Update Generator
Fig 1. Overall Framework of R3AGAN Fig 2. Results under Different Experimental Settings
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Conditional Latent Graph Diffusion
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Abstract

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition marked by altered functional connectivity
(FC) patterns, which may serve as biomarkers for diagnosis. However, high inter-individual variability in FC and
the lack of large-scale datasets make it difficult to build robust diagnostic models. Traditional models based on
Generative Adversarial Networks (GANs) for FC generation often suffer from training instability and mode
collapse, reducing the quality and diversity of the generated data. To address these challenges, we introduce FC-
Diff, a novel framework that augments FC data using latent graph diffusion. As shown in Fig. 1, FC-Diff first
transforms each FC matrix into a graph, where nodes represent brain regions and edges denote inter-regional
connectivity. This graph is then encoded into a latent space via a graph encoder. A forward diffusion process
incrementally adds noise to the latent vector, which is subsequently denoised using a conditional U-Net. Finally, a
graph decoder reconstructs the denoised latent into a synthetic FC matrix. This approach allows for precise and
high-fidelity FC generation. To better control class-conditional generation, we incorporate Classifier-Free
Guidance (CFQG) [1], enabling conditioning on diagnostic labels (e.g., ASD vs. healthy control) without sacrificing
diversity. This helps the model generate FCs that capture disease-specific characteristics while preserving the
variability needed for robust training. We validate FC-Diff on the ABIDE I NYU dataset, demonstrating improved
stability and generation of diverse, high-quality FC samples. As shown in Fig. 2, FC-Diff consistently
outperforms all baseline methods, achieving top scores across all evaluation metrics except sensitivity (SEN),
where it ranks second. These results establish FC-Diff as a robust and effective tool for synthetic FC generation,
advancing ASD research and diagnosis.

(A) Pre-training FC Variational Graph A d

Mean Squared Error Loss + Kullback — Leibler Divergence Loss

ami»é @ﬁ—»ﬁm
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Fig. 1. Overview of the FC-Diff Fig. 2. Overall Comparison Results
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Analysis of T-Junction Power Divider Characteristics Based on
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Abstract

This study aims to validate a tabletop holographic
display service for 3D data visualization. To achieve
this, we evaluate the technological maturity of
intuitive and seamless 3D data visualization enabled
by tabletop holograms and assess the market
potential of the corresponding display production

service.
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A Review of Transformer-Based Spiking Neural Networks
for Brain-Inspired Al

Seungyoun Lee'?, Jae-Ho Han'", and Hyun Jae Jang®*
'Korea University, Korea *Korea Institute of Science and Technology, Korea
e

Spiking Neural Networks (SNNs)—the third-generation neural models that process information
through discrete spikes—have recently been fused with Transformer-style self-attention, giving rise to
Transformer-Based Spiking Neural Networks (T-SNNs) that marry event-driven efficiency with rich
representational capacity [1-3]. This review systematically traces the development of T-SNNs from early
conceptual models in 2021 to state-of-the-art architectures reported through 2025 [1-8, 10]. We categorise
and compare major algorithmic advances that have enabled spike-native self-attention, including
addition-only spiking attention, spatio-temporal attention fusion [11], membrane-potential residual pathways
[3], and ternary spike coding [12]. Performance trends reveal significant gains, with top-1 ImageNet-1K
accuracy improving from 74.8 % (Spikformer, 2023) [1] to 83.7 % (SGLFormer, 2024) [4]. T-SNNs also
demonstrate competitive results on neuromorphic benchmarks, achieving 98.96 % on DVS-Gesture and
81 % on CIFAR10-DVS [6]. Energy efficiency is also a focus of this review. Comparative profiling shows
that spiking attention modules eliminate multiplications and soft-max operations, reducing per-attention
energy costs by up to 89 x and overall inference energy by approximately 57 % compared with early spiking
ResNets [1]. We examine various learning strategies—ANN-to-SNN conversion, surrogate-gradient descent
[1, 3], and biologically inspired local learning rules such as e-prop [9]—highlighting their respective
advantages in performance, biological plausibility, and hardware compatibility. Finally, we outline open
challenges, including the lack of standardised energy-benchmarking protocols, limited deployment on
neuromorphic hardware [10], and the need for more biologically grounded training paradigms [9]. By
consolidating architectural, algorithmic, and energetic data across recent studies, this review provides a
comprehensive overview of the current landscape and future directions for T-SNNs in the context of

brain-inspired, energy-efficient Al.
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Biologically-Inspired Neuronal Dynamics for Efficient
Spiking Neural Networks: A Review
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EX

Spiking Neural Networks (SNNs), emerging as the third generation of neural networks, are grounded in
early neuron models such as Lapicque’s integrate-and-fire ['! and the Hodgkin—Huxley formulation [,
later simplified in adaptive spiking models like Izhikevich and AdEx P4, Recent SNN research
increasingly focuses on embedding biologically realistic neuronal dynamics. These include burst firing,
spike-frequency adaptation, threshold modulation, and subthreshold response behavior -8 which
enhance temporal selectivity and support energy-efficient computation like real cortical neurons. For
instance, SNNs equipped with adaptation mechanisms (e.g., AdEx) demonstrate up to 2.4x
improvement in spike sparsity and 30-40% reduction in classification error under noisy inputs
compared to non-adaptive models . Burst-enabled models have been shown to achieve 10-15%
increased robustness to jittered spike patterns and improved learning stability in dynamic environments
[191 From an engineering standpoint, these mechanisms support latency-aware, low-power computation
when deployed on neuromorphic hardware such as Loihi, where dynamic thresholding and adaptation
reduce energy consumption by over 5x compared to conventional spiking models 34, These
neuron-level dynamics are critical in contexts requiring event-based processing, such as real-time

12,151 While STDP continues to serve as a

robotics, tactile sensing, and low-bandwidth environments
biologically plausible synaptic rule ['®!7, this review emphasizes that core performance gains in modern
SNNs arise from modeling intrinsic cellular behavior rather than synaptic learning alone. Integrating
adaptive dynamics observed in pyramidal and inhibitory neurons leads to more robust, scalable, and

ILI2I8191 - Fyture research

energy-aware SNN architectures suitable for embedded Al applications !
should focus on developing standardized benchmarks and theoretical frameworks to rigorously
characterize and optimize such dynamics for deployment in scalable, low-power neuromorphic

platforms.
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An Age-Friendly AI Smart Home System with Predictive and Autonomous
Environmental Control
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Study on techniques for enhancing the probative power of criminal suspicion
through anti—forensic behavior detection and generation evidence linkage based
on natural language processing analysis

Jong-Jin Jung and Jong—Bin Park
Korea Electronic Technology Institute

of a digital evidence-based intelligent investigation
support system in the future.

Abstract

. . L A&
This study proposes a technique to enhance the
evidentiary power of criminal suspicion through

. . . . . OA" 04 71Ee) A BPeha, YA
anti—forensic behavior detection and evidence _
. . £4% ASAL  2Fse]  FAE g
linkage based on natural language processing
(NLP). By analyzing messenger, email, and SNS '?FE] 2714 (Anti-Forensic)' 71 A&H 0w

g&3sta gy 53] =#A1A, SNS, ojWd & H|AY

conversation contents secured from suspects’ =
: . . . 2}l HolEHE E3 Wz 9 o9
mobile phones, PCs, etc., we define intentional acts Fdol HlelH g3 W P9l I

to conceal crimes as ‘anti-forensic acts' and Aol aTHI gy ® AT zelo]d @] (NLP)
implement an anti-forensic behavior detection uk BAS Ea iz W&o WAl olezadlA
model to detect them. The detection targets consist Aes Bxela, o2 uxd 7719 A4 Y
of a total of five: 1) deletion circumstantial acts, 2) ZA9 AAstomn Wz FHo Y=o AFAHL
forgery circumstantial acts, 3) access to specific Aaetmap ek A4, YWz EA Alo]E M
sites, 4) encryption attempts, and 5) false simulation o}s sl AR He 5 574x] Fo ot xds P
circumstantial acts. The results of NLP-based e AFo ® °

behavioral context analysis are linked to actual B w 2

behavioral evidence such as logs and file access =3 9

records in digital devices, and are visualized in A|zbs}ato =

chronological order through Al analysis. This can kA=

integrate fragmentary circumstantial information B 9bal 1

into a single context to enhance the reliability and Vst 7

persuasiveness of proving criminal suspicions. This
study is expected to contribute to the development
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Abstract
Spectrogram art is a creative form of multimodal expression that fuses visual and auditory modalities by
embedding meaningful imagery into the frequency-time domain of audio signals. However, existing methods
[1] are constrained to short audio and simplistic visuals. To overcome these limitations, we present
SpecArtDiff, a framework that generates context-rich panoramic images and extended, coherent music by
leveraging shared latent space diffusion models for panoramic image [2] and music generation [3]. To bridge
the structural and semantic gap between modalities, we incorporate ControlNet modules guided by Canny
edge maps, which serve as structural priors. This enables the creation of spectrograms that closely adhere to
both image and audio prompts while producing high-quality images and music. SpecArtDiff achieves

cross-modal alignment, advancing the state of multimodal generative art.

canny edge map of panoramic image  [mage Prompt ’ {terative ﬂ
+ denoising a Lztent
Canny edge B —_— o — il

controlnet

“A snowy Christmas village with l i
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T Latent || ) ( 2o T LS A =
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canny edge map of spectrogram ] . n
€a ﬂ
. Cannyedge +~—  Vocoder
controlnet
“Christmas song” Audio Prompt Waveform

Fig 1. Overall Pipeline. SpecArtDiff generates spectrograms that represent both visual and auditory modalities

via latent diffusion models and ControlNet guided by Canny edge maps from panoramic images and spectrograms.
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Object-Interactive Human Motion Generation via Affordance Reasoning
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Abstract
Existing text-to-motion models [1] often fail to produce realistic and physically grounded human-object
interactions, typically generating coarse and implausible motions. We propose a framework for object-
interactive human motion generation guided by affordance-aware contact reasoning. Given an input text, our
method synthesizes contact-consistent motions by leveraging interaction cues such as functional parts and
localized contact regions. These cues are encoded into spatial affordance maps, guided by a contact prior that
captures plausible human-object interactions. This prior serves as a key inductive bias for generating
physically grounded motions. A contact-aware loss further encourages physically plausible contact during
training. Fig. 1 illustrates the overall pipeline of our method, highlighting how the contact prior informs
affordance extraction and motion generation. Experimental results demonstrate that our approach generates

more realistic and contact-grounded motions compared to prior baselines [2].

Contact Loss  #l Trainable

Input 3D Scene Mation Sequence

\
ok

Object Detection

&
Part Segmentation

|

Contact Region 4 g
&

Open the refrigerator.” |

Contact Prior

at e Affordance Diffusion Model (ADM) Affordance-ta-Motion Diffusion Model (AMDM)
Injection

Generated
Human Motion

Stepl. Affordance Map Generation Step2. Affordance-to-Motion Generation

Fig 1. Overview of our motion generation pipeline with contact prior and contact loss.
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Robust Panoramic Localization via Hybrid Optimization
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Abstract
Panoramic localization estimates the 6-DoF camera pose of a panoramic image within a known 3D
environment, using visual cues such as color or geometry. Color-based methods (e.g., PICCOLO [2], CPO
[3]) achieve high accuracy but require good pose initialization, making them unreliable under large viewpoint
changes. In contrast, geometry-based methods (e.g., FGPL [1]) are fast and robust to such changes, but their
accuracy is limited by sparse and noisy feature matches. Despite their complementary strengths, no prior
work has effectively combined these two paradigms. We propose a hybrid framework for panoramic image
localization that combines geometric candidate pose search with color-based pose refinement. We introduce
a two-stage approach that first uses a geometry-based method to generate a candidate pose, and then applies
a color-based refinement to improve accuracy. This design leverages geometric robustness for initialization
and color consistency for precision. Experiments on Stanford 2D-3D-S and OmniScenes demonstrate that
our method significantly reduces pose errors and maintains robustness under motion and variation in scenes.

Stage 0 Stage 1 Stage 2 Results on Single-room Handheld Setting

Precomputation Coarse Pose Search Pose Refinement Method | Median t-error / r-error
Panoramic Query Image PICCOLO 0.019/0.296
b Imf{rSSICSQHStPH Loss based FGPL + PICCOLO (Ours) 0.016/0.243
rincipal Directions Geometry based (PICCOLO [2]) FGPL + CPO (Ours) 0.012/0.184
Lp, (U1, uz,u3), Xzp Pose Search Final ) -
(FGPL[1]) Choose Camera Results on Single-room Extreme Setting
Option Pose  Method | Median t-error / r-error
— Single Candidate i (R,t)  piccoLO 3.106/31.249
3D Distance Function {(Ri, t)} Color Histogram CPO 1.644/46.596
? p Loss based
Dép, DY, CPO [3 FGPL 0.179/1.158
( 13]) FGPL + PICCOLO (Ours) 0.072/0.684
FGPL + CPO (Ours) 0.031/0.613

Fig 1. Hybrid panoramic localization pipeline combining geometric pose search (FGPL [1]) with color-based refinement
(PICCOLO [2], CPO [3]). Our method leverages fast geometric initialization and accurate color matching, achieving state-of-

the-art performance across diverse settings.
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Norm-Guided Visual Filtering
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Abstract
Large vision-language models (LVLMs) have demonstrated impressive performance in image understanding,
enabling them to generate detailed captions and answer a wide range of questions based on visual inputs [1].
However, current LVLMs exhibit hallucinations, where the generated outputs deviate from the actual visual
content [2]. In this work, we propose a norm-guided visual filtering method that mitigates hallucinations in a
training-free manner, without introducing auxiliary models. Based on the observation that insignificant visual
tokens tend to have higher feature norms compared to more informative ones, we employ a masking strategy
that zeroes out high-norm tokens, thereby effectively suppressing hallucination generation. We evaluate our

method on the CHAIR [3] and confirm its efficacy.

D \:‘ D User LlLavA
=0 (] E ] The image features a woman standing
o I on a sidewalk, flying a kite in a park. ...
Image |— r=n o 2 = Ea e E In addition to the woman and the kite,
9 NS (e = 30 <
a a £ [:l @ there are several other people scattered
2 i 5 throughout the scene, possibly enjoying
2 D D El (= Language the park or engaging in other activities.
(] (] (] é | Response
J =L J
% LLaVA + Norm-Guided Visual Filtering
o
o & The woman is standing on a sidewalk,
. 3 flying a kite. The kite is in the air, and
Language Instruction |——— = the woman is holding the kite string.
Q the sidewalk is made of concrete, and
Please describe this image in detail. ~ there are flowers in the background.

(a (b)
Fig 1. (a) An overview of the text generation process with norm-guided visual filtering. (b) Our method

effectively reduces hallucinated content in the generated responses. Hallucinations are highlighted in red.
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Abstract
Recent advances in generative modeling have highlighted the growing need for techniques that enable
fine-grained control over what a model retains or forgets. One critical challenge in this domain
is instance unlearning—the removal of specific data points from a trained model’s generative
capacity[1]. In this work, we provide a rigorous theoretical framework for instance unlearning in the
setting of explicit probability distributions. We formulate the unlearning problem as a constrained
optimization that seeks to suppress probability mass within a targeted interval while minimizing
deviation from the original distribution. By leveraging Lagrangian duality, we derive a closed-form
solution for the optimal unlearned distribution. Our approach introduces a tunable regularization
parameter that explicitly controls the trade-off between unlearning strength and distributional fidelity.
We demonstrate through analytical examples how this solution selectively reduces the likelihood of
undesired instances without severely distorting the overall distribution. This formulation serves as a
foundational step toward principled unlearning mechanisms and offers valuable insights for extending

such approaches to more complex or implicit generative models[2].

Optimal g(x) vs p(x)

— qlx)
== pl)
Interval [0.5, 0.6]

Figure 1. Instance unlearning results for explicit distributions
p(x)~N(0, 1). Through our algorithm, for the unlearning
interval (0.5, 0.6), the resulting probability is reduced to

about one-third, while at the same time the probability

distribution q(x) is almost maintained in the other part.
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Abstract
Unlike conventional super-resolution (SR) methods restricted to fixed scaling factors, arbitrary-scale image
super-resolution (ASISR) enables continuous upsampling with a single model. Recently, diffusion-based
methods have gained attention for their superior perceptual quality but still struggle to generate fine-grained
details at unseen scaling factors [1, 2]. To overcome this limitation, we propose a self-cascade diffusion
framework with a progressive multi-stage upsampling strategy, allowing the model to generalize from a
single scaling factor to a wide range of resolutions. In addition, we introduce a coordinate-guided residual
diffusion model, which enhances detail generation by denoising in the residual space and effectively
incorporating resolution information via a coordinate adapter. Extensive experiments demonstrate our
method outperforms existing methods in perceptual quality, especially under out-of-distribution conditions.
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Fig 1. (a) Progressive upsampling framework of our proposed method. (b) Overall architecture of a

coordinate-guided residual diffusion model. (¢) Qualitative comparison of existing ASISR methods.
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via Tweedie Variable Optimization with Total Variation
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Abstract
Diffusion models(DM) have demonstrated remarkable performance in solving various ill-posed inverse
problems. However, their efficacy remains under-investigated for real-world scenarios involving large and
complex degradation kernels, such as in lensless imaging. Our investigation reveals that existing zero-shot
diffusion models (ZS-DMs), such as DPS [1] that relies on a least-squares fidelity term, and DiffPIR [2] that
utilizes a pseudo-inverse-based fidelity, exhibit significant performance degradation in such highly ill-
posed settings. This instability arises from the sensitivity of the forward operator and its pseudo-inverse to
perturbations. To address this limitation, we introduce Tweedie variable optimization with total variation
for diffusion models (TOTV-DM), a novel zero-shot framework designed for robust reconstruction in the
inverse problems with large and complex kernel degradations. Our method enforces data consistency by
optimizing the clean data manifold estimate from Tweedie's formula at each timestep using a total variation

(TV) regularizer, enabling high-quality results in

highly ill-posed inverse problem scenarios.

¥y = A(x) 7 My

s — Vi lly — A —Xp X ngmin ly — A%all} + A [VRl] %
(a-1) Geometry of DPS (a-2) Geometry of TOTV-DM (ours) .

Label DPS [1] DiflPIR [2] TOTV-DM (ours)

(b) Qualitative comparison of zero-shot diffusion models in synthetic lensless imaging on ImageNet/ITTIQ.

Fig 1. (a) Conceptual illustration of the geometries of two different diffusion processes. (b) Qualitative comparison of

zero-shot diffusion models in synthetic lensless imaging on ImageNet/FFHQ.
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Abstract
Text-to-video (T2V) diffusion models have made significant strides in generating visually coherent video
sequences from textual prompts [1]. However, recent efforts to enhance temporal consistency often come at
the expense of degraded video dynamics, which are crucial for capturing visual liveliness and fidelity [2]. In
this work, we analyze the latent video representations of T2V diffusion models through wavelet
decomposition, revealing distinctive spatio-temporal frequency distribution patterns that differentiate static
videos with minimal dynamics from highly dynamic videos. Based on these insights, we propose WaveCtrl,
a simple yet effective training-free method that refines wavelet-based latent representations to control
dynamics score throughout the sampling process in T2V diffusion models, effectively balancing temporal
consistency and expressive motion with neither additional training nor external supervision. Extensive
experiments demonstrate that WaveCtrl enhances dynamics score while preserving visual fidelity, operating

in a plug-and-play manner with minimal computational overhead.
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Figl. (Right) Dynamics score distributions across videos generated using various methods on the DEVIL
benchmark [3] prompts. (Left) Effect of WaveCtrl on dynamic Score control in video generation.
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Abstract
Texture reconstruction for 3D models of multiple humans in close social interactions is
useful as multi view images of humans are readily available through forms such as video[1].
However, prior works are limiting as they do not consider potential multi view
misalignments present in the input sequence of images, often resulting in artifacts in the
final texture such as blurring and omitted details[2]. In this work, given the initial 3D
geometry of interacting humans obtained through a diffusion process followed by explicit
mesh optimization, we aim to improve the quality of the reconstructed texture of multiple
humans by iteratively improving the texture. We start from an initial texture and gradually
optimize the texture using losses such as L2 similarity, producing a more plausible texture

for the given human model.
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Fig. 1. Overview(left) and comparison of the reconstructed texture using the baseline(center)
and the proposed method(right) obtained from 6 multiview images of the scene. Detailed

features are preserved in the right figure, as highlighted by red rectangles.
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Implementation of CNN-based Camera Pose Estimation

from a Single Image in a Virtual Environment

Wonjun Son and Ahyun Lee
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Abstract

This paper proposes a method based on a
Convolutional Neural Network (CNN) to predict a
camera's rotation values from a single image
captured in a virtual 3D environment. The proposed
CNN model successfully predicts a camera's X and
Z-axis rotation from a single image with low error,
showing its potential for applications in augmented

reality and robotics.
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Classification of Ultrasonic Signals Generated by Photoacoustic
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