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Bayesian linear regression - revisited
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2 = 𝑁 𝑎𝑥𝑖 + 𝑏, 𝜎2
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𝑏 ∼ 𝑁 0, 2
𝜎2 ∼ 𝑙𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙(0, 0.25)
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Shape model fitting as Bayesian linear regression

Model

𝑢 ∼ 𝐺𝑃 𝜇, 𝑘 ⇔ 𝑢 = 𝜇 + σ𝑖
𝑟 𝛼𝑖 𝜆𝑖𝜙𝑖 , 𝛼𝑖 ∼ 𝑁 0, 1
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𝑇 𝑥𝑖

𝑅, 𝛼1…𝛼𝑛, 𝜎
2 = 𝑁 𝑥𝑖

𝑅 + 𝑢 𝛼 (𝑥𝑖
𝑅), 𝜎2𝐼3×3

𝛼𝑖 ∼ 𝑁 0, 1 , 𝑖 = 1, … , 𝑟
𝜎2 ∼ 𝑙𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙(0, 0.25)
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Case study

Model

𝑢 ∼ 𝐺𝑃 𝜇, 𝑘 ⇔ 𝑢 = 𝜇 + σ𝑖
𝑟 𝛼𝑖 𝜆𝑖𝜙𝑖 , 𝛼𝑖 ∼ 𝑁 0, 1

𝑝 𝑥𝑖
𝑇 𝑥𝑖

𝑅, 𝛼1…𝛼𝑛, 𝜎
2 = 𝑁 𝑥𝑖

𝑅 + 𝑢[𝛼](𝑥𝑖
𝑅), 𝜎2𝐼3×3

𝛼𝑖 ∼ 𝑁 0, 1 , 𝑖 = 1, … , 𝑟
𝜎2 ∼ 𝑙𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙(0, 0.25)



Posterior distribution
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2|𝑥1

𝑅, … , 𝑥𝑛
𝑅, 𝑥1

𝑇 , … , 𝑥𝑛
𝑇)



Posterior shapes



Measurements on posterior shape



Including pose

Model

𝑝 𝑥𝑖
𝑇 𝑥𝑖

𝑅, 𝛼1…𝛼𝑛, 𝜎
2, 𝜙, 𝜃, 𝜓, 𝑡𝑥, 𝑡𝑦 , 𝑡𝑧 =

𝑁 𝑅𝜙,𝜃,𝜓 [𝑥𝑖
𝑅 + 𝑢 𝛼 𝑥𝑖

𝑅 ] + 𝑡 , 𝜎2𝐼3×3

𝑎𝑖 ∼ 𝑁 0, 1 , 𝑖 = 1,… , 𝑟
𝜎2 ∼ 𝑙𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙 0, 1 ,
𝜙 ∼ 𝑁 0, 0.1 , 𝜃 ∼ 𝑁 0, 0.1 , 𝜓 ∼ 𝑁 0, 0.1
𝑡𝑥 ∼ 𝑁 0, 5 , 𝑡𝑦 ∼ 𝑁 0, 5 , 𝑡𝑧 ∼ 𝑁(0, 5) Pose parameters



Giving up correspondence

Model

𝑝 𝑥𝑖
𝑇 𝛼1…𝛼𝑛, 𝜎

2, 𝜙, 𝜃, 𝜓, 𝑡𝑥, 𝑡𝑦 , 𝑡𝑧 =
𝑁 𝐶𝑙𝑜𝑠𝑒𝑠𝑡𝑃𝑜𝑖𝑛𝑡(𝑥𝑖

𝑇 , Γ𝑅[𝛼, 𝜙, 𝜃, 𝜓, 𝑡]), 𝜎
2𝐼3×3

𝑎𝑖 ∼ 𝑁 0, 1 , 𝑖 = 1,… , 𝑟
𝜎2 ∼ 𝑙𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙 0, 1
𝜙 ∼ 𝑁 0, 0.1 , 𝜃 ∼ 𝑁 0, 0.1 , 𝜓 ∼ 𝑁 0, 0.1
𝑡𝑥 ∼ 𝑁 0, 5 , 𝑡𝑦 ∼ 𝑁 0, 5 , 𝑡𝑧 ∼ 𝑁(0, 5)

Surface, 
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𝛼, 𝜙, 𝜃, 𝜓, 𝑡



Posterior distribution



Beyond fitting shape

Model

Likelihood : ???

Priors: 

𝑎𝑖 ∼ 𝑁 0, 1 , 𝑖 = 1,… , 𝑟
𝜎2 ∼ 𝑙𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙 0, 1
𝜙 ∼ 𝑁 0, 0.1 , 𝜃 ∼ 𝑁 0, 0.1 , 𝜓 ∼ 𝑁 0, 0.1
𝑡𝑥 ∼ 𝑁 0, 5 , 𝑡𝑦 ∼ 𝑁 0, 5 , 𝑡𝑧 ∼ 𝑁(0, 5)

Works in principle for any type of data, but …

… the more complicated the model and synthesis

function, the harder the fitting problem.


