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m Mean embedding of r: u, := E./k(-, a).
m Gaussian kernel on (product) distributions:

EP is a widely used message passing based inference algorithm.
m Problem: Expensive to compute outgoing from incoming messages.

Fix true w. Sequentially present 30 problems. Generate {(x;, yi)}2] for each.

16¢
m Goal: Speed up computation by a cheap regression function (message <(r.8) = exp ( | e — usHiC> | e
operator) | 2v* I
: : : Z S0 | |
Incoming messages — outgoing message. Two-staged random feature approximation: éoo& élok\/\/_v\/\/m
- - g
Mel‘itS 1st (r) — (S) 2. an R R 8 | i—
cient onl o clr,8) S oxp [0 B0 ) 2 g 7o), (IVSUV AP
m Efficient online update of the operator during inference. 2y? S R S S ¢ LY e
m Uncertainty monitored to invoke new training examples when needed. ° % Bovemsseen. > ¥ D7 Teroemsseen
m Automatic random feature representation of incoming messages. Message Operator: Bayesian Linear Regression _ (&) Test error | | (f) Inference time
Sampling + KJIT = proposed KJIT with an importance sampling oracle.
Expectation Propagation (EP) minput: X = (x4]---|xn): N training incoming messages represented as
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