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On-line out-of-distribution detection using simulation-informed 
deep Gaussian process state-space models

Karnhunen-Loève expansion of Gaussian process

Kernel informed with walking circular trajectories

Results: Real quadruped detects OoD terrains
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Architecture: Input embedding and Fourier features
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Train by moment-matching simulation data
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, ⌫j > 0 decreasing sequence

<latexit sha1_base64="U/xczKUFztgJvfpFeYVrGbxA85c="></latexit>

'j ⇠ U(�⇡,⇡)

<latexit sha1_base64="1B0UwGBFcKAsdIfiGPiPvQaJcV4="></latexit>

!j ⇠ S(!)

<latexit sha1_base64="zy/IzckqTBFjes0o4SOJqZ9PJ6U="></latexit>

mj = 1/M

<latexit sha1_base64="ZsVEn756Us9Z/SJ5E9YSgZzqAnQ="></latexit>x
<latexit sha1_base64="4rLMmTElsPjHh3WK+4I+k04Ipbc="></latexit>z

<latexit sha1_base64="jZvX3ffD6d/nMT0yTpxOHiJhfvI="></latexit>X<latexit sha1_base64="4GuJOs05m8sU/+Pz1Ax3KkAC3RE="></latexit>

 

GP layer
<latexit sha1_base64="3LI4j78CPTVsz8YtMO7HIU7WjLA="></latexit>

M
<latexit sha1_base64="lv6xO/b5m3TDKTe6s1cBOo92KZM="></latexit>

�j(·)

<latexit sha1_base64="rgwqxVLEEd/JYwUKelnoAr0P1bw="></latexit>

f(x)

<latexit sha1_base64="5hPiV3DPN9XaZRgwdnzDll9Z0hQ="></latexit>

�j

Embedding Fourier features

Spectral density

Prior variance proportional to wave 
amplitude [1]
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Simulation-informed Gaussian process state-space model

Take Home

Simulation-informed priors are overconfident/stiff

Sim-Informed Prior

White prior

Fix by adding a standard kernel [3]

Informed kernel

Deployed on-line out-of-distribution detection on a real quadruped 
Improved long-term prediction capabilities by informing kernel with 
simulation data 
Proposed novel kernel design framework, simulator-agnostic

Motivation: Quadrupedal navigation in uncertain terrains

Idea: Compare predictions vs observations

1. Well-calibrated uncertainties (no overconfidence): epistemic+aleatoric 
2. On-line deployment requires fast predictions 
3. Learning requires data-efficiency for re-training 
4. OoD metric computationally efficient and probability-based

?
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xt+1 = freal(xt, ut) + xt

freal(xt, ut) ⇠ GP(0, k(·, ·))

Goal
Detect out-of-distribution (OoD) environments 
on-the-fly [1]
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model 
predictions

observations
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Challenges

1. Represent real dynamics using a Gaussian process state-space model (GPSSM) [4]
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Prior over future states
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Posterior over past states

Approach

4.Compare the distribution over predicted states before and after observations
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✓ ⇠ p(✓)
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fsim(xt, ut; ✓)
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Simulate roll-outs
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Construct informed kernel
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k(xt, ut, x̄t, ūt)

3. Increase data-efficiency by constructing a simulation-informed prior

2. Use equivalent series expansion of a Gaussian process
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Standard GP

Inference

Predictions
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Karhunen–Loève expansion GP
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ELBO

Bayesian linear model with deterministic features

Samples of posterior dynamics are “callable”
<latexit sha1_base64="mENe6npTuWlidTAM38FZMyzVyXc="></latexit>

O(NM
3)

<latexit sha1_base64="qA/MbZDR8K287M0r+h3uL+mRCWs="></latexit>

�̂|D ⇠ N (µ,⌃)

<latexit sha1_base64="iY47oFoC+t+hmrtsHS5whAWi3q8="></latexit>

f̂(x) =
MX

j=1

�̂j�j(x)

Posterior at cost

Embedding prior information via Mercer kernel
Kernel given as a finite sum of features [2]
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, �j(x) = x2
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fd(xt, ut) = �>
d �d(xt, ut)

xt+1 ⇠ N (f(xt, ut), Q)

yt ⇠ N (xt, R)
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xt: position, orientation
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ut: com velocity
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Training phase

Test phase

Robot deployed on a variety of terrains to test its OoD-detection capabilities

Empirical validation

 Well-calibrated uncertainties: If the observations don’t match the predictions, 
it’s because the environment is OoD, and not because the model is wrong 
 Our model consistently reflects OoD scenarios, outperforming GPSSM models 
with standard kernels
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LOoD(·) > 0.5

Future work
 Integrate stochastic MPC and planning 
 Use OoD detection to behave safely and trigger new model learning 
 Learn a dictionary of models, one for each environment
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LOoD(yt:H , ut:H) = KL(q||p)
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k(x, x̄) = ⌫x2x̄2
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f(·) = [f1(·), . . . , fD(·)]>
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Frequency of out of distribution detection


