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How to grow the tree: two strategies

Greedy algorithms Global optimization
(using local criterion) (of a loss function on space of trees)
e Most popular: CART e Dynamic programming: GOSDT
e Many others: C4.5 ) e Mixed integer optimization:
ID3 , GUIDE
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Fundamental problem:
Trees can easily overtfit to the training data
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Effect on toy examples

CART

hsCART

Groundtruth

>

2_

CART

hsCART
Groundtruth




. . N lue for leftmost leaf
How are weights determined? [ 080 X@ +0.11X@ +0.00 xQ]




. . N lue for leftmost leaf
How are weights determined? [ 080 X@ + 011 X@ + 0.00 xQ]

Before N =50 Q
shrinkage X,>a Old prediction @

N=20@) N=30()

X2>b

N-5@) (ON=15



. . N lue for leftmost leaf
How are weights determined? [ 080 X@ + 011 X@ + 0.00 xQ]

Before N =50 O
shrinkage X,>a Old prediction @

= O+
N=20@) N=30()

X2>b

N-5@) (ON=15



. . N lue for leftmost leaf
How are weights determined? [ 080 X@ + 011 X@ + 0.00 xQ]

Before N =50 O
shrinkage X,>a Old prediction @

=0+ (@ O+
N=20@) N=30()

X2>b

N-5@) (ON=15



. . N lue for leftmost leaf
How are weights determined? [ 080 X@ + 011 X@ + 0.00 xQ]

Before N =50 O
shrinkage X,>a Old prediction @

=0+(@-0)+ @ @
N=20@) N=30()

X2>b

Nn-5@) (ON=15



. . New value for leftmost leaf
How are weights determined? [ = 0.80 X@ + 0.1 X@ +0.00 x@]

Before N =50 O

shrinkage X,>a Old prediction @
=0+(@-0)+(@-0@)
N = 20 ‘ N =30 Q New prediction under HS
X, > b =0+(@-0)+(@-@)

N=5@) (OnN=15



. . New value for leftmost leaf
How are weights determined? [ = 0.80 X@ + 0.1 X@ +0.00 x@]

Before O

shrinkage X,>a Old prediction @
=0+(@-0)+(@-0@)
N = 20 ‘ N =30 Q New prediction under HS
X, >b =0+(@-0)+(@-@)
2
1+ A/

N=5@) (OnN=15



. . New value for leftmost leaf
How are weights determined? [ = 0.80 X@ + 0.1 X@ +0.00 x@]

Before N =250 O

shrinkage X,;>a Old prediction @
=0+(@-0)+(@-@)
‘ N = 30 O New prediction under HS
X, >b =0+ (@-0)+(@-@)

2

N=5@) (ON=15

1+ A/50 1+ A/



. . New value for leftmost leaf
How are weights determined? [ = 0.80 X@ + 0.1 X@ +0.00 xo]

Before N =250 O

shrinkage X,>a Old prediction @
=0+(@-0)+(@-@)
N = 20 ‘ N = 30 O New prediction under HS
X, > b =0+(@-0)+(@-@)
1+ /50 1+ /20
N=5 . O N=15 = hyperparameter to be tuned

[ J




Because HS is applied after decision tree is grown...

e Can be applied to any decision tree model

e Extremely fast and efficient

o Does not need to refit the tree
o Does not require access to training sample, only node values + sample sizes

o Can be tuned using efficient leave-one-out-CV

e (Can be used simultaneously with pruning or other types of regularization

e (Can be applied to decision trees in an ensemble
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Simulation®: Effect of HS at different no. of leaves
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HS improves prediction accuracy of decision trees

Hierarchical shrinkage

1. Improves prediction accuracy (r*) on regression datasets
2. Improves prediction accuracy (AUROC) on classification datasets
3. Performs better than alternate shrinkage schemes

4. Improves prediction accuracy of random forests



1. Regression results: r? vs no. of leaves

0.60 -
0.55 -
0.50 -

E 045 -
0.40 -

0.35 -

Q. How much HS improve prediction accuracy for trees as we
vary the level of model complexity?

For each dataset

e Apply HS to trees grown using CART and CART with
cost-complexity pruning (CCP)

e Vary in each model via changing the
stopping/pruning condition

1 1 I I I 1

5 10 15 20 25 30
No. of leaves



1. Regression results: r? vs no. of leaves

0.60 -
0.55 =
0.50 3
« 0.45 -
0.40 -

0.35 -

geographical-music (n = 1059, p = 117)

hsCART (CCP)
hsCART

1 1 I I I 1

5 10 15 20 25 30
No. of leaves



1. Regression results: r? vs no. of leaves

/ 8.6 geographical-music (n = 1059, p = 117)

hsCART (CCP)
0.55 = hsCART
0.50 A ' , * _ CART
& 0.45 R
0.40 -
0.35 4 \ /

0 5 10 15 20 25 30
\ No. of leaves




/ geographical-music (n = 1059, p = 117)

0:50: * i * H+

0.45 4




RZ

RZ

0.55 ~
0.50 A
0.45 -
0.40 -
0.35 A
0.30 A

friedmanl (n =200, p = 10)

i

== hsCART (CCP)
4+~ CART
+ CART (CCP)

=f= hsCART

0.354

0.30 A

0.25 1

0.20 1

0.154

T T T

10 20 30

red-wine (n = 1599, p = 11)

0.10

T T T

10 20 30
Number of Leaves

friedman3 (n = 200, p = 4)

diabetes-regr (n = 442, p = 10)

geographical-music (n = 1059, p = 117)

0.35 1
0.80
0.30 -
0.75 - {
0.25 1 ! * * + t +
0.70 4
0.20 -
0.65 -
0.15 4
0.60
T 010 T T T
0 10 2u 0 10 20 30
abalone (n = 4177,p =8) *a-image (n = 6435, p = 36) california-housing (n = 20640, p = 8)
0.5
0.7 4
et i R
- - : 0.8
0.41 6
0.7 4
0.3 1
0.6 - 0.4
0.2 ] T T T 05 h T T T 0'3 i T T T
0 10 20 30 0 10 20 30 0 10 20 30
Nu aves Number of Leaves




2. Classification results: AUROC vs no. of leaves
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3. An alternate shrinkage scheme: Leaf-based shrinkage
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3. Hierarchical shrinkage vs. Leaf-based shrinkage
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3. Hierarchical shrinkage vs. Leaf-based shrinkage
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4. Applying HS to random forest (hsRF)

e HS can be applied to individual trees in an RF to regularize it

e How are RFs regularized?

o Trees in RF typically not regularized

o Breiman’s insight: Randomness in RF acts as implicit regularization

e However, we show that HS improves RF performance significantly
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4. Applying HS to random forest (hsRF)
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Summary of results (prediction accuracy)

Hierarchical shrinkage

1.

2
3.
4

Improves prediction accuracy (r?) on regression datasets
Improves prediction accuracy (AUROC) on classification datasets
Performs better than alternate shrinkage schemes

Improves prediction accuracy of random forests



HS improves interpretability of random forest (RF)

Hierarchical shrinkage

1. Simplifies decision boundaries
2. Makes SHAP values more clustered

3. Makes SHAP values more stable to dataset resampling



2. Refresher on SHAP [Lundberg, Lee (2017)]

e SHAP is alocal feature importance score

e Usually summarized in a SHAP plot
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2. HS makes SHAP values more clustered
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2. HS makes SHAP values more clustered

How to interpret this?
e If SHAP values are clustered, then feature acts in a
similar way for all examples in cluster

I.e. the feature does not interact with other features
HS regularizes spurious interactions in the model
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Conclusion

e Hierarchical shrinkage regularizes decision trees by shrinking the value of
each node to those of its ancestors

e Isextremely fast and can be applied to any decision tree model or tree
ensemble

e Improves prediction accuracy for decision tree and random forest models

e Improves interpretability of random forest models



