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Experiments & Results
Methodology

L. L. We experimented our proposed approach on 2 datasets:
image-based indoor localization system. e propose a multi-view image-based localization metho 1) ICUBE: existing dataset of an office
that utilizes Graph Neural Networks (GNNs) to propagate

[Motivation I] Feature Propagation between o _ _ 2) WCP: additional dataset at shopping center
Views: Existing works Working on panorama distinct features of different views. Message-passing with GNNs Dataset | Method Meter-level Accuracy The CDF of error distribution of top-1 prediction
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Background & Motivation

We aim to provide an infrastructure-free,
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Learning Zero-Shot Indoor Localization: A Three-step framework: = N e
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is reduced f W w W ICUBE GLN-ZS 812 1440 2278 3089 46.60 | 19.90 33.77 45.81 56.28 74.87 | 3.76
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Output: Map2Vec Location Embedding Training: F(z,ys) = ab(x)TVV’L/J(ug) : Prediction: y* = argmax F(z,y)
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