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[Abstract]

This study proposed a multimodal retrieval-augmented generation (RAG)-based museum docent system that integrated gaze
tracking, artwork imaging, and voice queries to generate personalized and context-aware explanations. The proposed system
combined YOLOvS8-based object detection, CLIP embeddings, FAISS-based similarity retrieval, and LLM-RAG fusion to identify
the focus of visitors and deliver adaptive narration aligned with their interests. Unlike conventional audio guides or mobile
applications, the proposed approach dynamically responded to the visual attention and spoken inquiries of visitors, enabling
interactive and immersive experiences through seamless STT and TTS integration. Furthermore, the system collected gaze and
query data to support data-driven insights for exhibition planning and management. Built on an open-source low-cost architecture
with cloud connectivity, it demonstrated practical applicability in real museum environments and introduced a new paradigm for

personalized cultural content experiences.
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“This figure includes a screenshot of the application in Korean.
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Fig. 1. Overall system architecture
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"This figure |nc|udes a screenshot of the application in Korean.
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Fig. 3. Software architecture for system implementation
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Table 2. System environment and core components
Component Specifications Notes
Category
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Table 3. Summary of performance evaluations

Category Metric Results
Average latency 1,839ms
Response Time | Standard Deviation 449ms
95th Percentile 2,710ms
Top—1 Recall 83.5%
Retrieval Accuracy
Top—5 Recall 96.2%
Standard condition 91.4%
B ) Low-light o
Ga/er Tracking (300-400 1ux) 87.2%
ccuracy
Side—angle o
(+20-30°) 85.9%
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Table 4. Ablation study results of the proposed system

. Latency Top—1 Top—-5
Condition Avg(ms) p95(ms) Recall(%) Recall(%)
Full system 1,839 2,710 83.5 96.2
No gaze 2,273 4,388 n/a n/a
No RAG 1,631 2,729 51.9 51.9
Text—only
RAG 2,518 3,938 74.0 81.5
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