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The Bottom Line Up Front

• Prior distribution on the number of trees
• MH step to add/delete one tree at a time
• Takes longer
• Works well
• (Still a work in progress)
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Bayesian Additive Regression Trees
Data
• 𝒙!, 𝑦! , … , 𝒙", 𝑦"
• input	𝒙# ∈ ℝ$ →	 response	𝑦# 	∈ ℝ

Regression	Model
• 𝑦# 	|	𝒙# ∼ 𝑁 𝑓 𝒙# , 𝜎% , 𝑖 = 1, … , 𝑛	(𝑖𝑛𝑑)
• 𝑓:ℝ$ → ℝ	(mean	function)
• 𝜎% ≥ 0	(residual	variance)

“Branin”	Example:
• 𝑝 = 2
• 𝑓 = “The	Branin	Function”
• 𝑛 = 300
• 𝒙!, … , 𝒙"## ∼ Unif 0,1 $ 𝑖𝑖𝑑
• 𝜎$ = 1
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Bayesian Additive Regression Trees
Data
• 𝒙!, 𝑦! , … , 𝒙", 𝑦"
• input	𝒙# ∈ ℝ$ →	 response	𝑦# 	∈ ℝ

Regression	Model
• 𝑦# 	|	𝒙# ∼ 𝑁 𝑓 𝒙# , 𝜎% , i = 1, … , 𝑛	(ind)
• 𝑓:ℝ$ → ℝ	(mean	function)
• 𝜎% ≥ 0	(residual	variance)

Hurricane	Example:
• 𝑝 = 6
• 𝑓 = Computer	Model
• 𝑛 = 4,000
• Goal: Infer 𝑓 for sensitivity analysis,
                model calibration, etc.

• 𝑥! =	Initial Sea Level
• 𝑥% =	Hurricane Heading
• 𝑥& =	Velocity of the Eye

• 𝑥' =	Max Wind Speed
• 𝑥( =	Min Pressure
• 𝑥) =	Landfall Location

Response 𝑦

𝑦 =	Maximum Water Level During a Storm Surge

Input 𝒙
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Bayesian Additive Regression Trees
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𝒙 = 𝑥!, 𝑥% →



Bayesian Additive Regression Trees

• 𝑇 has 𝐿 “terminal nodes”

• Terminal node parameter	𝝁 ∈ ℝ%

• 𝑓 𝒙 = 𝑔 𝒙; 𝑇, 𝝁
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Bayesian Additive Regression Trees

• 𝑇!:' ≡ 𝑇!, … , 𝑇'		(𝑚 ≈ 200)

• 𝝁!:' ≡ 𝝁!, … , 𝝁'

• 𝑇( has 𝐿( terminal nodes

• 𝝁( ∈ ℝ%!

• 𝑓 𝒙 = ∑()!' 𝑔(𝒙; 𝑇(, 𝝁()	

+ + +

+ + ++

+ ⋯
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𝐿* = 1	 ⇒	“Stump”



Bayesian Additive Regression Trees

Prior	Distribution	𝜋 𝑇R:S, 𝝁R:S, 𝜎T = 𝜋 𝜎T ∏UVR
S 𝜋 𝑇U 𝜋 𝝁U	 𝑇U)

• 𝑇( ∼ Tree-Generating Stochastic Process

• 𝜇(ℓ	|	𝑇( ∼ 𝑁 0, 𝜏'$ ; 	ℓ = 1,… , 𝐿(; 	 𝑗 = 1,… ,𝑚	(iid)

• 𝜎$ ∼ Scaled-inv-𝜒$(𝜈, 𝜆)
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Bayesian Additive Regression Trees

Posterior Sampling MCMC Algorithm

[Notation: 𝑇+( ≡ (𝑇!, … , 𝑇(+!, 𝑇(,!, … , 𝑇') and 𝝁+( ≡ (𝝁!, … , 𝝁(+!, 𝝁(,!, … , 𝝁') ]

For 𝑖 = 1,… , 𝑁'-'-:

1. For 𝑗 = 1,… ,𝑚

a. Sample 𝑇(	|	(𝑇+(, 𝝁+(, 𝜎$, data) (Metropolis–Hastings)

b. Sample 𝝁(	| ⋅	(Gibbs Step)

2. Sample 𝜎$	| ⋅	(Gibbs Step)

10



Bayesian Additive Regression Trees
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How Many Trees???

Default 𝑚 = 200

Large 𝑚 Small 𝑚

• Flexible Estimation

• More computation

• Risk overfitting

• Improved variable selection

• Less computation

• Risk underfitting
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Out-of-Sample Prediction

14

“Typical” Small 𝑚 best Large 𝑚 best

“RMSE	for	𝑓 𝒙"#$" ” =
1

𝑛"#$"
1
%&'

(!"#!

𝑓 𝒙"#$",% − 3𝑓 𝒙"#$",%
𝟐



Variable Selection
𝑓+,-./012 𝒙 = 10 sin 𝜋𝑥!𝑥% + 20 𝑥& − 0.5 % + 10𝑥' + 5𝑥( +\

*3)

!4

0𝑥*
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FVAR = Proportion	of	branches	involving	“false”	input	variables

“Real” Inputs

“False” Inputs



Cross-Validation

• Pick a grid of 𝑚-values (e.g., 𝑚 = 1, 10, 20, 50, 100, 200, 300, 400)
• For each value of 𝑚
• Split data into train and test sets
• Fit BART to the training set
• Predict responses in the test set

• Compare out-of-sample RMSE across the grid
• Pick the value 𝑚 = 𝑚fg  that minimizes RMSE
• Fit a BART model to the full dataset, with 𝑚 = 𝑚fg  
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Cross-Validation

• Pick a grid of 𝑚-values (e.g., 𝑚 = 1, 10, 20, 50, 100, 200, 300, 400)
• For each value of 𝑚
• Split data into train and test sets
• Fit BART to the training set
• Predict responses in the test set

• Compare out-of-sample RMSE across the grid
• Pick the value 𝑚 = 𝑚fg  that minimizes RMSE
• Fit a BART model to the full dataset, with 𝑚 = 𝑚fg  

How to pick the grid?

Expensive!

What about variable selection, computation time, etc.?
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Fully Bayesian Inference of 𝑚

𝜋 𝑚, 𝑇R:S, 𝝁R:S, 𝜎T = 𝜋 𝜎T 𝜋(𝑚)8
UVR

S

𝜋 𝑇U 𝜋 𝝁U	 𝑇U, 𝑚)

• 𝑚 ∼	Poisson(𝜃) [Truncated] 

• Optionally,	assign	𝜃	a	hyperprior

• 𝑇( ∼ Tree-Generating Stochastic Process (as before)

• 𝜇(ℓ	|	(𝑚, 𝑇() ∼ 𝑁 0, 𝜏'$ ; 	ℓ = 1,… , 𝐿(; 	 𝑗 = 1,… ,𝑚	(iid) (as before)

• 𝜎$ ∼ Scaled-inv-𝜒$(𝜈, 𝜆) (as before)
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Prior Distribution

𝜋 𝑚 ∝ .+/,-

'!
𝑰(1 ≤ 𝑚 ≤ 1000) (Truncated Poisson)

• ⇒ 𝐸 𝑚 ≈ 𝜃	

• Default	𝜃 = 200

• Optionally,	assign	𝜃	a	hyperprior

• 𝜃	 ∼
5!6"!

#

7!

• 𝐸 𝜃 = 𝜃4
• Degree of Freedom 𝜅4
• Default 𝜃4 = 200
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Prior Distribution

𝜇oℓ	|	(𝑚, 𝑇o) ∼ 𝑁 0, 𝜏pq

𝜏S =
max
o
𝑦o −mino 𝑦o
2𝑘 𝑚

⇒ 𝑓 𝒙 ∼ 𝑁 0,
max
o
𝑦o −mino 𝑦o
2𝑘

T

for	all	𝑚
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Posterior Sampling MCMC Algorithm

Initialize 𝑚 = 𝑚# (default 𝑚# = 𝜃#)

For 𝑖 = 1,… , 𝑁'-'-:

1. Sample 𝜃	|	𝑚 (Gibbs Step; if 𝜅# < ∞)
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Posterior Sampling MCMC Algorithm

Initialize 𝑚 = 𝑚# (default 𝑚# = 𝜃#)

For 𝑖 = 1,… , 𝑁'-'-:

1. Sample 𝜃	|	𝑚 (Gibbs Step; if 𝜅# < ∞)

2. Sample 𝑚	| ⋅	(Metropolis-Hastings)

Randomly select either
a) Birth or
b) Death
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Posterior Sampling MCMC Algorithm

Initialize 𝑚 = 𝑚# (default 𝑚# = 𝜃#)

For 𝑖 = 1,… , 𝑁'-'-:

1. Sample 𝜃	|	𝑚 (Gibbs Step; if 𝜅# < ∞)

2. Sample 𝑚	| ⋅	(Metropolis-Hastings)

• If m was increased, sample new 𝝁∗| 	 ⋅  (Gibbs Step)

Randomly select either
a) Birth or
b) Death
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Posterior Sampling MCMC Algorithm

Initialize 𝑚 = 𝑚# (default 𝑚# = 𝜃#)

For 𝑖 = 1,… , 𝑁'-'-:

1. Sample 𝜃	|	𝑚 (Gibbs Step; if 𝜅# < ∞)

2. Sample 𝑚	| ⋅	(Metropolis-Hastings)

• If m was increased, sample new 𝝁∗| 	 ⋅  (Gibbs Step)

3. For 𝑗 = 1,… ,𝑚

a. Sample 𝑇(	|	(𝑇+(, 𝝁+(, 𝜎$, data) (Metropolis–Hastings)

b. Sample 𝝁(	| ⋅	(Gibbs Step)

4. Sample 𝜎$	| ⋅	(Gibbs Step)

Randomly select either
a) Birth or
b) Death

Same as
Standard BART
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Birth Transition

+ + + + ++𝑚 = 7:

+ + + + ++𝑚 = 8: +
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Birth Transition

28

• Why stumps?
• Why randomize the location of the new tree?
• Trees are exchangeable, but ordered in the prior distribution
• Need reversibility



Death Transition

+ + + + ++𝑚 = 7:

+ + + + +𝑚 = 6:
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MH Transition
• Current parameters 𝜓 = 𝑚, 𝑇!:9, 𝝁!:9, 𝜎%

• Randomly select either birth or death transition (Pr birth = Pr death = 0.5)

• Birth Transition

• Select a location to insert stump 𝑇⋆

• Update to 𝜓 → 𝜓;-,<= = (𝑚 + 1, 𝑇!:(9?!)⋆ , 𝝁!:9, 𝜎%)

• Death Transition (if there are any “stumps”)

• Select a stump 𝑇⋆ to delete

• Update to 𝜓 → 𝜓/.1<= = (𝑚 − 1, 𝑇!:(9A!)⋆ , 𝝁!:(9A!), 𝜎%)

• Accept with the MH acceptance probability: min{1,MH	Ratio}	

𝑞 𝜓 → 𝜓;-,<= = 0.5	×
1

𝑚 + 1

𝑞 𝜓 → 𝜓/.1<= = 0.5	×
1

𝑚B<C0DB
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𝐌𝐇	𝐑𝐚𝐭𝐢𝐨	𝐟𝐨𝐫	𝐁𝐢𝐫𝐭𝐡

=
𝜋 𝜓;-,<=	 data)
𝜋 𝜓	 data) 	×

𝑞 𝜓;-,<= → 𝜓
𝑞(𝜓 → 𝜓;-,<=)

Ratio of Posterior Distributions
Ratio of Transition Probabilities
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MH Acceptance Probability: min{1,MH	Ratio}	



MH Acceptance Probability: min{1,MH	Ratio}	
𝐌𝐇	𝐑𝐚𝐭𝐢𝐨	𝐟𝐨𝐫	𝐁𝐢𝐫𝐭𝐡

=
𝜋 𝜓;-,<=	 data)
𝜋 𝜓	 data) 	×

𝑞 𝜓;-,<= → 𝜓
𝑞(𝜓 → 𝜓;-,<=)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝜎%

𝜋 𝜎% 	×
𝜋 𝑚 + 1
𝜋(𝑚) 	×

𝜋 𝑇⋆ ∏*
9 𝜋(𝑇*)

∏*
9 𝜋(𝑇*)

	×
∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
0.5/(𝑚B<C0DB + 1)
0.5/(𝑚 + 1)

Likelihood Prior Distribution Ratio of Transition Probabilities
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𝐌𝐇	𝐑𝐚𝐭𝐢𝐨	𝐟𝐨𝐫	𝐁𝐢𝐫𝐭𝐡

=
𝜋 𝜓;-,<=	 data)
𝜋 𝜓	 data) 	×

𝑞 𝜓;-,<= → 𝜓
𝑞(𝜓 → 𝜓;-,<=)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝜎%

𝜋 𝜎% 	×
𝜋 𝑚 + 1
𝜋(𝑚) 	×

𝜋 𝑇⋆ ∏*
9 𝜋(𝑇*)

∏*
9 𝜋(𝑇*)

	×
∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
0.5/(𝑚B<C0DB + 1)
0.5/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝑚 + 1
𝜋(𝑚) 	×	𝜋 𝑇⋆ 	×

∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
1/(𝑚B<C0DB + 1)
1/(𝑚 + 1)
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𝐌𝐇	𝐑𝐚𝐭𝐢𝐨	𝐟𝐨𝐫	𝐁𝐢𝐫𝐭𝐡

=
𝜋 𝜓;-,<=	 data)
𝜋 𝜓	 data) 	×

𝑞 𝜓;-,<= → 𝜓
𝑞(𝜓 → 𝜓;-,<=)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝜎%

𝜋 𝜎% 	×
𝜋 𝑚 + 1
𝜋(𝑚) 	×

𝜋 𝑇⋆ ∏*
9 𝜋(𝑇*)

∏*
9 𝜋(𝑇*)

	×
∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
0.5/(𝑚B<C0DB + 1)
0.5/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝑚 + 1
𝜋(𝑚) 	×	𝜋 𝑇⋆ 	×

∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
1/(𝑚B<C0DB + 1)
1/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜃
𝑚 + 1	×
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𝐌𝐇	𝐑𝐚𝐭𝐢𝐨	𝐟𝐨𝐫	𝐁𝐢𝐫𝐭𝐡

=
𝜋 𝜓;-,<=	 data)
𝜋 𝜓	 data) 	×

𝑞 𝜓;-,<= → 𝜓
𝑞(𝜓 → 𝜓;-,<=)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝜎%

𝜋 𝜎% 	×
𝜋 𝑚 + 1
𝜋(𝑚) 	×

𝜋 𝑇⋆ ∏*
9 𝜋(𝑇*)

∏*
9 𝜋(𝑇*)

	×
∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
0.5/(𝑚B<C0DB + 1)
0.5/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝑚 + 1
𝜋(𝑚) 	×	𝜋 𝑇⋆ 	×

∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
1/(𝑚B<C0DB + 1)
1/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜃
𝑚 + 1	×	𝜋 𝑇⋆ 	×
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𝐌𝐇	𝐑𝐚𝐭𝐢𝐨	𝐟𝐨𝐫	𝐁𝐢𝐫𝐭𝐡

=
𝜋 𝜓;-,<=	 data)
𝜋 𝜓	 data) 	×

𝑞 𝜓;-,<= → 𝜓
𝑞(𝜓 → 𝜓;-,<=)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝜎%

𝜋 𝜎% 	×
𝜋 𝑚 + 1
𝜋(𝑚) 	×

𝜋 𝑇⋆ ∏*
9 𝜋(𝑇*)

∏*
9 𝜋(𝑇*)

	×
∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
0.5/(𝑚B<C0DB + 1)
0.5/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝑚 + 1
𝜋(𝑚) 	×	𝜋 𝑇⋆ 	×

∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
1/(𝑚B<C0DB + 1)
1/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜃
𝑚 + 1	×	𝜋 𝑇⋆ 	×

𝑚
𝑚 + 1

A ∑$%&
' F$

% exp −
1

2𝑚𝜏9%
\
*

9

\
ℓ3!

F$

𝜇*ℓ%
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𝐌𝐇	𝐑𝐚𝐭𝐢𝐨	𝐟𝐨𝐫	𝐁𝐢𝐫𝐭𝐡

=
𝜋 𝜓;-,<=	 data)
𝜋 𝜓	 data) 	×

𝑞 𝜓;-,<= → 𝜓
𝑞(𝜓 → 𝜓;-,<=)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝜎%

𝜋 𝜎% 	×
𝜋 𝑚 + 1
𝜋(𝑚) 	×

𝜋 𝑇⋆ ∏*
9 𝜋(𝑇*)

∏*
9 𝜋(𝑇*)

	×
∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
0.5/(𝑚B<C0DB + 1)
0.5/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜋 𝑚 + 1
𝜋(𝑚) 	×	𝜋 𝑇⋆ 	×

∏*
9 𝜋 𝝁* 	 𝑚 + 1, 𝑇*)
∏*
9 𝜋 𝝁* 	 𝑚, 𝑇*)

	×
1/(𝑚B<C0DB + 1)
1/(𝑚 + 1)

=
𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓) ×

𝜃
𝑚 + 1	×	𝜋 𝑇⋆ 	×

𝑚
𝑚 + 1

A ∑$%&
' F$

% exp −
1

2𝑚𝜏9%
\
*

9

\
ℓ3!

F$

𝜇*ℓ% ×
𝑚 + 1

𝑚B<C0DB + 1
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Likelihood Ratio
𝐋𝐢𝐤𝐞𝐥𝐢𝐡𝐨𝐨𝐝	𝐑𝐚𝐭𝐢𝐨 =

𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓)
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Likelihood Ratio
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𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓)

=
𝜋 data	 𝑚 + 1, 𝑇!: 9?!

⋆ , 𝝁!:9, 𝜎%)
𝜋 data	 𝑚, 𝑇!:9, 𝝁!:9, 𝜎%)

Full likelihood (m trees)

Marginal Likelihood (m+1 trees)
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Likelihood Ratio
𝐋𝐢𝐤𝐞𝐥𝐢𝐡𝐨𝐨𝐝	𝐑𝐚𝐭𝐢𝐨 =

𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓)

=
𝜋 data	 𝑚 + 1, 𝑇!: 9?!

⋆ , 𝝁!:9, 𝜎%)
𝜋 data	 𝑚, 𝑇!:9, 𝝁!:9, 𝜎%)

=
∫ℝ𝜋 data	 𝑚 + 1, 𝑇!: 9?!

⋆ , 𝝁!:9, 𝜇⋆, 𝜎%)𝜋 𝜇⋆	 𝑚 + 1, 𝑇⋆) 𝑑𝜇⋆

𝜋 data	 𝑚, 𝑇!:9, 𝝁!:9, 𝜎%)

Prior Distribution of 𝜇⋆
Full Likelihood (m+1)
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Likelihood Ratio
𝐋𝐢𝐤𝐞𝐥𝐢𝐡𝐨𝐨𝐝	𝐑𝐚𝐭𝐢𝐨 =

𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓)

=
𝜋 data	 𝑚 + 1, 𝑇!: 9?!

⋆ , 𝝁!:9, 𝜎%)
𝜋 data	 𝑚, 𝑇!:9, 𝝁!:9, 𝜎%)

=
∫ℝ𝜋 data	 𝑚 + 1, 𝑇!: 9?!

⋆ , 𝝁!:9, 𝜇⋆, 𝜎%)𝜋 𝜇⋆	 𝑚, 𝑇⋆) 𝑑𝜇⋆

𝜋 data	 𝑚, 𝑇!:9, 𝝁!:9, 𝜎%)

=
∫ℝ∏#3!

" 𝑁 𝑦#; 𝜇⋆ + ∑*3!9 𝑔(𝒙#; 𝑇* , 𝝁*) , 𝜎% 𝑁 𝜇⋆; 0, 𝜏9% 𝑑𝜇⋆

∏#3!
" 𝑁(𝑦#; ∑*3!9 𝑔(𝒙#; 𝑇* , 𝝁*) , 𝜎%)
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Likelihood Ratio
𝐋𝐢𝐤𝐞𝐥𝐢𝐡𝐨𝐨𝐝	𝐑𝐚𝐭𝐢𝐨 =

𝜋 data	 𝜓;-,<=)
𝜋 data	 𝜓)

=
𝜋 data	 𝑚 + 1, 𝑇!: 9?!

⋆ , 𝝁!:9, 𝜎%)
𝜋 data	 𝑚, 𝑇!:9, 𝝁!:9, 𝜎%)

=
∫ℝ𝜋 data	 𝑚 + 1, 𝑇!: 9?!

⋆ , 𝝁!:9, 𝜇⋆, 𝜎%)𝜋 𝜇⋆	 𝑚, 𝑇⋆) 𝑑𝜇⋆

𝜋 data	 𝑚, 𝑇!:9, 𝝁!:9, 𝜎%)

=
∫ℝ∏#3!

" 𝑁 𝑦#; 𝜇⋆ + ∑*3!9 𝑔(𝒙#; 𝑇* , 𝝁*) , 𝜎% 𝑁 𝜇⋆; 0, 𝜏9% 𝑑𝜇⋆

∏#3!
" 𝑁(𝑦#; ∑*3!9 𝑔(𝒙#; 𝑇* , 𝝁*) , 𝜎%)

=
𝜎%

𝑛𝜏9?!% + 𝜎%
+ 1

!/%

exp
𝑛%𝜏9?!% ∑#3!" [𝑦# − ∑*3!9 𝑔(𝒙#; 𝑇* , 𝝁*)]

%	
2𝜎%(𝑛𝜏9?!% + 𝜎%)
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Code

• R implementation forthcoming:

• bart(X, y, learnntree = TRUE, ntreemean = 200, ntreedf = Inf)

44

𝑚 ∼ 𝑃𝑜𝑖𝑠 𝜃 𝐼(1 ≤ 𝑚 ≤ 1000)

𝜃	 ∼
𝜃#𝜒2.

$

𝜅#
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Simulation Setup

Cross-Validation

• For	𝑚 ∈ Grid:

• Generate	training	and	test	sets

• 𝑥# ∼ Unif 0,1 $	and

• 𝑦# 	|	𝒙# ∼ 𝑁(𝑓 𝒙# , 1)

• Fit	BART	to	training	set	with	𝑚	trees

Compare	accuracy	using	“RMSE	for	𝑓 𝒙<.B< ” =
1

𝑛<.B<
\
#3!

"()*(

𝑓 𝒙<.B<,# − �𝑓 𝒙<.B<,#
𝟐

Fully	Bayesian	Inference	for	𝑚

• Generate	training	and	test	data

• 𝑥# ∼ Unif 0,1 $	and

• 𝑦# 	|	𝒙# ∼ 𝑁(𝑓 𝒙# , 1)

• For	𝜅4 ∈ {3, 100,∞}	(with	𝜃4 = 200)

• Fit	BART	to	training	set	with	Bayesian	inference	for	𝑚
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Simulation Setup
Simulations

Bayesian Inference Cross-Validation
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Convergence of 𝑚
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Results

𝜅/ = 3
𝜅/ = 100
𝜅/ = ∞
Fixed	𝑚
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Results

𝜅/ = 3
𝜅/ = 100
𝜅/ = ∞
Fixed	𝑚

𝑝 = 100	inputs: all	active!
𝑓 has an additive structure
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Results

𝜅/ = 3
𝜅/ = 100
𝜅/ = ∞
Fixed	𝑚

𝑝-step: 𝑓 𝒙 = %4
$
∑*3!
$ 𝑰(𝒙* ≥ 0.5)
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Results

𝜅/ = 3
𝜅/ = 100
𝜅/ = ∞
Fixed	𝑚

𝑝-step: 𝑓 𝒙 = %4
$
∑*3!
$ 𝑰(𝒙* ≥ 0.5)
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Results

𝜅/ = 3
𝜅/ = 100
𝜅/ = ∞
Fixed	𝑚

𝑝-step: 𝑓 𝒙 = %4
$
∑*3!
$ 𝑰(𝒙* ≥ 0.5)
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Results

𝜅/ = 3
𝜅/ = 100
𝜅/ = ∞
Fixed	𝑚

𝑇'

𝑝 = 15	inputs each	a	different	branch
𝑓 not additive at all!

1-step: 𝑓 𝑥 = 20𝑰 𝑥 ≥ 0.5 	(𝑝 = 1)
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Variable Selection

𝜅/ = 3
𝜅/ = 100
𝜅/ = ∞
Fixed	𝑚

FVAR = Proportion	of	branches	involving	“false”	variables
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Real Datasets

Real Data
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Results

𝜅/ = 3
𝜅/ = 100
𝜅/ = ∞
Fixed	𝑚
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Conclusions

• Bayesian Inference of 𝑚 generally works well
• Accurate predictions
• Variable selection
• Convenience
• Sometimes underfit (𝑚 too small)
• Computation time?

• Just fix 𝑚 = 200?
• Recommendation: Truncated Poisson prior with 𝜃 = 200 (𝜅y = ∞)
• Maybe	also	try	𝜅y = 3
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Conclusions

• Bayesian Inference of 𝑚 generally works well
• Accurate predictions
• Variable selection
• Convenience
• Sometimes underfit (𝑚 too small)
• Computation time?

• Just fix 𝑚 = 200?
• Recommendation: Truncated Poisson prior with 𝜃 = 200 (𝜅y = ∞)
• Or try two values of 𝜅y
• Boosting
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Thank You!
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