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e Rasmussen and Ghahramani 2002
* Sample conditional vs. joint



Problem Setup

* Pairs of (x, y) data points
e Using GP’s for regression



Advantages

Overall wrt Rasmussen 2002
 Computation (n xn * Full generative model
inversion) .

Missing inputs OK
Multi-modal data

Non-stationary covariance

e Slightly more Bayesian



* “Experts” are individual GP’s
e “Gating network” gives latent assignments
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Conditional vs. Joint
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Sample Dirichlet process concentration variable o given the top-level hyper-
parameters.

Construct a partition of NV objects into at most /N groups using a Dirichlet pro-
cess. This assignment of objects is denoted by using a set the indicator variables
{z(l }L 1

Sample the gate hyperparameters ¢* given the top-level hyperparameters.

For each grouping of indicators {z(;) : z(;) = r}, sample the input space param-
eters ¢ X conditioned on ¢*. ¥X delnes the density in input space, in our case a
full-covariance Gaussian.

Given the parameters yX for each group, sample the locations of the input points
X = {X( ) = 7"}

For each group, sample the hyper-parameters for the GP expert associated with
that group, 65F.

. Using the input locations X, and hyper-parameters 65" for the individual groups,

formulate the GP output covariance matrix and sample the set of output values,
Y = {yq) : 2 = r} from this joint Gaussian distribution.
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. Update indicators {z(;) } by cycling through the data and sampling one indicator

variable at a time. We use algorithm 8 from [9] with m = 1 to explore new
experts.

Update input space parameters.

Update GP hyper-params using Hybrid Monte Carlo [10].

Update gate hyperparameters. Note that v, 1s updated using slice sampling [11].

. Update DP hyperparameter o using the data augmentation technique of Escobar

and West [12].

Resample missing output values by cycling through the experts, and jointly sam-
pling the missing outputs associated with that GP.
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Extensions

 More powerful input density models
* Explore inferring inverse functional mappings
* Explore perf. on large data sets



Questions?



