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Bayesian Online CPD
• Probabilistic framework
• Generative, inference
• Real-time
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Local observation models

Multinomial profile

𝑐𝑡 ~ Multinomial 𝜃𝑡 , 𝑆𝜃𝑡 ~ Dirichlet 𝛼

VQ-VAE: Discrete Embeddings

Encoder-decoder architecture, latent space composed of 𝐾 discrete embeddings

𝐳𝑒 𝐱 ∶ encoder output (continuous)
𝐞𝑘  ∶ discrete embedding
𝐳𝑞 𝐱 ∶ decoder input

sg ·  ∶ stop-gradient operator
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Activity

Passive digital phenotyping
• Minimal intervention
• Continuous, ecological monitoring
• Objective information
• Low-cost, easy-to-upscale
• Abundance of missingness

Acquisition

• Dimensionality reduction
• Homogenization (statistical type, source…)
• Interpretability (latent profiles, clustering)

• HetMM Probabilistic vs. discrete profiling
• VQ-VAE Quantized latent space

Profiling

• MAP or SUM estimator
• Adjustable threshold (control 

sensibility)
• Adjustable window
• Compare with real events

Suicide prediction
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…Clinical events
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