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» E B4z X (upper confidence bound) KA % 3

15 ; :
<—Linear (d=4) 250¢
\ Independent
\ Squared exponential
o 10¢ 200y
e Mat 2.5) =
(V] —
S atem (v =2. S 150 Squared
.g’ g exponential
W gt 3 100¢
Independent oM
\ 50 Linear (d=4) 1
0 \ |
0 L L L .
5 10 15 20 10 20 30 40 50

Eigenvalue rank T

Figure 3. Spectral decay (left) and information gain bound (right) for independent (diagonal), linear, squared exponential
and Matérn kernels (v = 2.5.) with equal trace.
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