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Introduction to BART

Problem: non-parametric regression: yn ∼ N (f (xn), σ)
Main Idea: approximate f (x) with step-function (i.e., tree)
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Insight: express complicated tree as sum of simpler trees
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Result: function estimation with uncertainty quantification

Issue: BART inherently produces non-smooth outputs

Our Contribution

We introduce BART with functional outputs of the form:

µ(x) =
D∑

d=1

βdh(ω>
d x + bd)

where h is a fixed activation function, Θ = ({ωd, bd}) collects all
input weights, and β = ({βd}) is a vector of output weights.
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Note: setting h(x) =
√

2 cos(x) leads to randomFourier feature-

inspired approximation of treed Gaussian process ensembles.

Sampling

BART utilizes a Metropolis-within-Gibbs sampling scheme to se-

quentially update trees in the ensemble [1].

Step 1: Update (T , Θ) → (T ∗, Θ∗) with Metropolis-Hastings.

A new tree is proposed that differs from the current tree in exactly

one node by considering either aGROW or PRUNE move:
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Prune move Current tree Grow move

Move to the proposed tree based on a Metropolis-Hastings ac-

ceptance probability:

α(T , Θ → T ∗, Θ∗) = q(T , Θ; T ∗, Θ∗)
q(T ∗, Θ∗; T , Θ)︸ ︷︷ ︸

transition ratio

×

likelihood ratio︷ ︸︸ ︷
p(R | T ∗, Θ∗, σ2)
p(R | T , Θ, σ2)

× p(T ∗, Θ∗)
p(T , Θ)︸ ︷︷ ︸
prior ratio

Step 2: Update β∗|R, (T ∗, Θ∗) ∼ ND

Note: updates only require a linear scan of the data

Vanilla vs. Smooth BART

Preliminary Empirical Results

FriedmanFunction: f (x) = 10 sin(πx1x2)+20(x3−0.5)2+10x4+5x5
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