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[ Intermediate pretraining ]

It covers an area of 836.13 km? and had a population
of 838,621 as of the 2010 census; the latest official 897,711
estimate (as of mid-2019) is 897,711.

| |

Sequence-to-sequence Transformers

Name Area Pop'n census 2010 Pop’n estimate mid-2019
What is the latest population T S 707 AT
estimate for Pekalongan Regency? “ 2 :

Totals 836.13 838,621 897,711
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DP-FROST: Differentially Private Fine-tuning of Pre-trained Models with
Freezing Model Parameters
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Deep learning models conventionally trained on
private user data have risks of leaking sensitive in-
formation (Shokri et al., 2017; Carlini et al, 2019,
2021). To protect sensitive statistical data, the dif-
ferential privacy {Dwork and Roth, 2013} is widely
used due to theoretical guarantee of privacy preser-
vation by limiting the influence of any individual
user’s data and injecting noise into the results com-
puted from the sensitive data. The differential pri-
vacy has also attracted attentions in the machine
leaming c ity to build a diffe ially private
model (Abadi et al., 2016).

To satisfy differential privacy, deep leamning

tions, (2) adds noise to the partition-wise gradient
magnitude, (3) selects partitions with their largest
noisy partition-wise gradient magnitudes and (4)
updates the parameters in the selected partitions.
Our contributions: The contributions of this paper
are summarized below.

= We prove that the model parameters with large
gradient magnitudes contribute more to its accu-
racy than those with small gradient magnitudes.
= To reduce the amount of inserted noise, instead
of selecting the parameters in the granularity
of parameters by adding noise to their gradient
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Figure 1. Performance across the GC sampling rate r. Lower r simulates fewer labeled GC training

cases.

As summarized in Figu.re 1 (AUROC, AP, and F1 panels), we varied the GC sampl.i.ng
rate r € {1.0,0.5,0.2,0.1} to quantify robustness under limited GC labels. For each r,
we applied stratified sampling at proportion r on the GC training partition (preserving
the case:control ratio), while keepi.ng the GC validation and test parﬁtions fixed. Non-
GC source datasets for pretraining and all preprocessing were unchanged across r. All
models (LR, XGB, MLP-from-scratch, and Transfer) were then trained on the resulting
r-subsampled GC training set for that rate. The Transfer model always used the same
pretraining configuration on non-GC cancers and was fine-tuned on the r-subsampled GC

training set.



Recent Participation in R&D Projects

® Development of an Al-Based Decision Support System for Full-Lifecycle Gastric Cancer Management,
National Cancer Center, Korea (Apr. 2025 — Present)

®* Development of Lightweight Multimodal Anti-Phishing Models and Split-Learning Techniques for
Privacy-Preserving Anti-Phishing, Institute of Information & communications Technology Planning &
Evaluation (IITP), Korea (Jan. 2024 — Present)

®* Development of Web Table Question Answering System using Pre-trained Language Model, National
Research Foundation of Korea (NRF), Korea (Jun. 2023 — Present)

® Derivation of a Differential Privacy Concept Applicable to National Statistics Data While Guaranteeing
the Ultility of Statistical Analysis, Institute of Information & communications Technology Planning &
Evaluation (IITP), Korea (Apr. 2022 — Dec. 2024)
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Join Us

* QOpportunities for Students
* Undergraduate Research Internships

* Graduate (M.S./Ph.D.) Programs

* |f you are interested in joining our lab (as an intern, M.S., or Ph.D. student),
please email me directly:

dyhong@mju.ac.kr



