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Problem & Motivation

* Existing GAN-based
methods (e.g., SAT)
suffer from training
instability and mode
collapse.

[0 Real-world graphs often suffer from missing node
attributes, severely degrading GNN performance.

(b) Bidirectional Latent Diffusion (Our GLAD):

(a) Adversarial Alignment (e.g., SAT):
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* Heterogeneity between
structure and attributes
makes direct generation
inefficient.
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Theoretical Basis: Maximizing ELBO < Minimizing Forward KL

Experiments & Results (Standard Benchmarks;
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Core Idea: GLAD (Graph Latent Attribute Diffusion)
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Table 1. Profiling of the attribute-level evaluation for node attribute reconstruction on the Cora and Citeseer dataset. &%i ) éﬁ;ﬁ““ iﬁTER -8 l’-,-ﬁ"é,“
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Table 5. Comparison of diversity & topological consistency.
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Note: The highest performance is shaded in green , and the second-highest performance is shaded in blue . Figure 4. Ablation results of the proposed GLAD model across four graph datasets in term of the Recall @k evaluation metric. GLAD 1.12 88.4% WeCha Contact




