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Yy RELEVANCE VECTOR MACHINE ‘,.q))f\ll A}

Input: Training data D, desired sparsity d.
Output: Set of informative points I.
1. I =2, m=0,II = diag(0), diag(A) = diag(K), h=0, J ={1,...,N}.
2: repeat
3: forjeJ do
Compute A; using equation 2.13.
end for
i = argmaxjey A
Update p; and m;, using 2.11.
Update L, M, diag(A), h using equation 2.12 .
9: T+ TU{i},J <« J\{i}
10: until |I] =d
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Input: Training data D.
Output: Regression on output dimensions.
1: Choose a suitable kernel function ®, convergence threshold 7y, pruning threshold
a7, and initial values for o and f.
2: repeat
3. Compute p = fE®"t and T = (A + 6<IJT<I>)_1.
4 Compute « and S using equations 8.16 and 8.17.
5:  Prune the «; and corresponding kernel function where «; > agy,.
6:  Define error convergence rate: v; = % (04?+1 — a?).
7. until v < ypp
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Input: Training data D.
Output: Regression(Classification) on output dimen-
sions.

1: o, = variance of 7, and o = 00

2: repeat

3:  Compute {pr, Er}fil using equations 3. 1 and 3. 1.

4:  Compute {s,;, qm}ivif/fqill using equations 8.36 and 8. 37.

5. Add theoptimal kernel ¢,, to the set of optimal kernels, the which most minimizes
the log-likelihood based on equation 8.35, or remove the kernel if «,, = co.

6:  Update noise parameters {J?}ﬁgrl using equation 8.38.

7. until MAX-ITERATION
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1: Start with random samples zp, s.t. p(zp) > 0.

2: repeat

3:  genrate random sample, z* from proposal distribution, z, ~ ¢(Z,z), given the
sandom sample of the previous iteration z;.

1 w}

4:  Calculate: a = min{ , =
P(zt—1)q(zt—1,+)

; >1 : Accept the sample: x; = z,
: o =
<1 : Accept the sample with probability of «.

6: until TERMINATION-CONDITION
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Input: Training data D.
Output: Regression on output dimensions.
1: Choose a suitable kernel function ®, convergence threshold 7y, pruning threshold
a7, and initial values for o and f.
2: repeat
3. Compute p = fE®"t and T = (A + 6<IJT<I>)_1.
4 Compute « and S using equations 8.16 and 8.17.
5:  Prune the «; and corresponding kernel function where «; > agy,.
6:  Define error convergence rate: v; = % (o/-l+1 — a”).
7. until v < ypp
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MV-RVM oz, SV 2, 580

Input: Training data D.
Output: Regression(Classification) on output dimen-

sions.

1: o, = variance of 7, and o = 0
2: repeat

3:
4:
5

6:

Compute {p,, Er}f,wzl using equations 3. 1 and 3. 1.
Compute {s;;, qm}fi’%f:ll using equations 8.36 and 8. 37.

Add theoptimal kernel ¢,, to the set of optimal kernels, the which most minimizes
the log-likelihood based on equation 8.35, or remove the kernel if «,, = co.

Update noise parameters {af}i\f{l using equation 8.38.

7. until MAX-ITERATION
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