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Noise Separation
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Multimodal data
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Graphical Model of DAGP
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Graphical Model of DAGP
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Graphical Model of DAGP
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Wet-Chicken Benchmark1

waterfall

Dynamics Agent in a flowing river

Goal Get close to the waterfall

State (𝑥, 𝑦)-position in ℝ2

Action (𝑥, 𝑦)-movement in ℝ2

1Tresp 1994; Hans and Udluft 2009.
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Wet-Chicken Benchmark1

waterfall

Action

waterfall

1Tresp 1994; Hans and Udluft 2009.
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Wet-Chicken Benchmark1

waterfall

Flow

waterfall

1Tresp 1994; Hans and Udluft 2009.
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Wet-Chicken Benchmark1

waterfall

Turbulence

waterfall

1Tresp 1994; Hans and Udluft 2009.
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Wet-Chicken Benchmark1

waterfall

Drop

waterfall

1Tresp 1994; Hans and Udluft 2009.
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Multimodal System Dynamics
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Multimodal System Dynamics
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Conservative Policy Training
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Data Association with Gaussian Processes

Model for multimodal data

• Separate models per mode

• Predictive Associations

• Scalable inference
K
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𝜶 (𝐤)
𝐧

𝐚𝐧

Informed decision making

• Hierarchical priors

• Interpretable sub-models

• Stochastic systems

Markus Kaiser — mrksr.de
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Variational Bound

ℒDAGP = 𝔼q(𝐅,𝜶 ,𝐔)[log
p(𝐘, 𝐀, 𝐅, 𝜶 , 𝐔 |𝐗)

q(𝐅, 𝜶 , 𝐔)
]

=
𝑁
∑
𝑛=1

𝔼q(𝐟𝐧)[log p(𝐲𝐧 | 𝐟𝐧, 𝐚𝐧)] +
𝑁
∑
𝑛=1

𝔼q(𝜶𝐧)[log p(𝐚𝐧 |𝜶𝐧)]

−
𝐾
∑
𝑘=1

KL(q(𝐮(𝐤)) ‖‖ p(𝐮(𝐤) ||𝐙(𝐤))) −
𝐾
∑
𝑘=1

KL(q(𝐮(𝐤)
𝜶 )‖‖ p(𝐮

(𝐤)
𝜶 ||𝐙

(𝐤)
𝜶 ))



Predictive Posterior

q(𝐟∗ | 𝐱∗) = ∫
𝐾
∑
𝑘=1

q(𝑎(𝑘)∗ || 𝐱∗) q(𝐟 (𝐤)∗ || 𝐱∗) d𝐚(𝐤)∗

≈
𝐾
∑
𝑘=1

𝑎̂(𝑘)∗ ̂𝐟 (𝐤)∗
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