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Contributions

1 Mondrian process ↔
Laplace kernel connection

2 fast learning of Laplace
kernel width from data

3 a kernel ↔ random forest
connection
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e−λ‖x−x′‖1

Mondrian process

is a guillotine-partition, randomly refined as time progresses, until a lifetime λ. [1, 2]
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Main properties of the Mondrian process:
• A box with sum of lengths L splits after
∼ Exp(L) random time.

• Projectivity: restriction to a sub-box is
again a Mondrian process.

again a
Mondrian!

Mondrian kernel

Randomized feature map φ:
1 sample a Mondrian partition with lifetime λ,
2 label non-empty partition cells 1, 2, . . .,
3 encode a data point x in cell c as an
indicator vector φ(x) with a 1 in position c.
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x1 [0 1 0]
x2 [0 1 0]
x3 [0 0 1]
x4 [1 0 0]

k1(x,x′) := 〈φ(x), φ(x′)〉 =
{

1 if x,x′ in the same cell
0 otherwise

Repeat M times, concatenate, and normalize feature vectors:
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φ(x1) = 1√
M

[
0 1 0 1 · · · 0 0 1 0

]
φ(x2) = 1√

M

[
0 1 0 1 · · · 0 1 0 0

]
φ(x3) = 1√
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[
0 0 1 1 · · · 0 0 0 1

]
φ(x4) = 1√
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[
1 0 0 1 · · · 1 0 0 0

]
Mondrian kernel of order M :

kM(x,x′) := 〈φ(x), φ(x′)〉 = 1
M

M∑
m=1

1{x,x′ in same cell of m-th partition}

Mondrian-Laplace link

Theorem The Mondrian kernel of order ∞ is a.s. the Laplace kernel.
Proof. By the strong law of large numbers, a.s.,

k∞(x,x′) := lim
M→∞

kM(x,x′)
= P [x,x′ in the same cell]
= P [Exp (‖x− x′‖1) > λ]
= exp (−λ‖x− x′‖1) x′

x

|x1 − x′1|

|x2 − x′2|
T ∼ Exp(‖x− x′‖1)

Note: Mondrian lifetime λ ↔ inverse width (length-scale) of the Laplace kernel.

Fast kernel width learning

Feature space reusal
Running the Mondrian process up
to a terminal lifetime Λ, the gen-
erated features φ approximate all
Laplace kernels with inverse kernel
widths λ ∈ [0,Λ].
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x1 [0 1 0 1 0]
x2 [0 1 0 0 1]
x3 [0 0 1 0 0]
x4 [1 0 0 0 0]

Example: Linear regression
MAP weights:

w = A−1ΦTy
where A := (ΦTΦ + δ2IC)

When a cut is added as λ increases:
1 A, chol(A) can be updated in O(C2)
2 w can be updated in O(C2 + N)

Example: (S)GD trainable models
Maintain weights w directly. When r-th
feature splits into two, reinitialize:

[w1 · · · wr−1 wr wr+1 · · · wC]
↓

[w1 · · · wr−1 ����wr wr+1 · · · wC wr wr]
One SGD iteration is O(M).
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Figure : Recovering ground truth
lifetime λ0 = 10.
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Figure : Performance vs computation time for kernel width cross
validation. SGD on random features, dataset CPU [3].

Link to Mondrian forest

Mondrian forest [4, 5] = random forest with Mondrian process as randomization.
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Relationship between random forest and kernel methods:

Mondrian
forest

Mondrian
kernel

Laplace
kernel

M →∞joint
fitting

Comparison of Mondrian kernel and Mondrian forest using the same set of Mondrian
samples on the CPU dataset [3]:
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