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Introduction

Artificial Intelligence (Al) accelerates drug discovery, but moving beyond AlphaFold's structural data to accurately predict protein fitness, such as distinguishing on-target and
off-target effects, is essential for rapid candidate evaluation. BERT-based Protein Language Models (pLMs) address this by extracting intrinsic information directly from
sequence data. However, acquiring experimental fitness labels is expensive and time-consuming, making reliable fithess landscape construction with 'low-N' data a major
technical hurdle. To address this challenge, we introduce HARP-pSAR (Hanmi Al-driven Research Platform-Protein Sequence-Activity Relationship), one of Hanmi's Al research
platform tools which is a pLM-based platform designed for fitness landscape learning under severe low-N data constraints. By applying LoRA (Low-Rank Adaptation)
quantization for efficient fine-tuning, the platform significantly reduces computational overhead, allowing it to be operated directly on local PCs.

HARP-SAR: Fitness prediction with low-N experiment data W Case Study: LAXUCN2 (Long-acting Urocortin 2 analog)

Positional mutational effect | S S HM17321 is designed for obesity medication with lean mass maintenance.

@ e 0 @ G ° CRFRI CRFR2 Hanmi’s LA-UCNZ2 (a novel long-acting CRFR2-selective UCNZ2 analog)
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Loss function Stress axis activation ~ Metabolic regulation
Metabolic side effects ~ Muscle preservation Tested in diet-induced obesity (DIO) mice. M DIO mice, vehicle HM17321 30 nmol/kg, Q2D
Limited therapeutic window Adipose remodeling Reprinted with permission from [3] B Semaglutide 20 nmol/kg, Q2D B HM17321 100 nmol/kg, Q2D

Lab-in-a-loop

#* HARP: Hanmi Al-based Research Platform
pPSAR: protein Structure-Activity Relationship

$ pLLM: Protein Language Model

& qLoRA: Quantized Low-Rank Adaption

_ _ 1) Active learning scheme to explore better LA-UCN2 analogs
« Al-based SAR for peptide/protein.
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Feature example: CRFR1-mediated cAMP activity of LA-UCN2s
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This validates HARP-pSAR as a cost-effective, deployment-ready tool. We will extend this framework to
additional pipeline assets to accelerate Hanmi’s therapeutic development strategies.
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