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Figure 1: Greedy vs. Gradient-Based DT. Two DTs trained on the Echocardiogram dataset. The CART DT
(left) makes only locally optimal splits, while GradTree (right) jointly optimizes all parameters, leading to
significantly better performance.
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GradTree: Learning Axis-Aligned Decision Trees with Gradient Descent

Arithmetic Decision Tree Formulation Straight-Through Operator for non-differentiable operations
1. Sy S; % A, (1) Hardmax to enforce one-hot encoded split index vectors =2 univariate DTs
So = Sheavisiae (¥10,2)
S, s, 3 ?0 " g )_ 881) " iQ (2) Discretization of the split function (round the sigmoid output)=> hard splits
. — D) ¥ D9 ¥ A3
- N 4. (1 =So) * (1 —S2) * A\g Algorithm 1: Tree Pass Function
S, 1-5, S, 1-5, . 1: function PASS(I, T, L, @)
Camn D amm0 O m=00 D a=w Stonvsiae (@i, 7) = "L 22T 2 1+ entmax(1)
0, otherwise 3: I <+ I — c where ¢ = [}— hardmax(]) > ST operator
g0
. S: — d_
Dense DT Representation A Sl
: : T 7 for;=1,...,dd
We propose a dense representation relaxing split indices and thresholds o Or‘z% 2i-1 4 { ° , J .
' d—(G—1) |
—> Allow reasonable optimization of parameters with gradient descent 9. b | Hzlod 9
Xo = 2.0 ;zgg 8:8 8:8% 10: s+ S <;:0 Ti: I — ;:o X Ii,i)

e o S‘“’wa"”m 11: s<s—cyherec=86— |s] > ST operator

X = —12 %, =09 L =[00 00 10] L =[00 10 00] 12: p—p((1—p)s+p(1l—29))

Yes No Yes No Sin(X|t2, T2) 1 — Sip (x|, 72) Sin(xlis, T3) 1 = Sin(xlts, T3) 14- @ « Q 4 Ll D
15:  end for
| | | 16: return o () > Softmax o to get probability distribution
(a) Vanilla DT Representation (b) Dense DT Representation 17: end function
Gra dTree in Action Table 1: Binary Classification Performance. We report macro Fl-scores (mean =+ stdev over 10
trials) on test data with optimized hyperparameters. The rank of each method 1s presented in brackets.
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