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Introduction and Motivation 3

Decision Tree’s Two Key Issues That Limit Its Broader Applicability:
Lower testing accuracy and Non-differentiability
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High Interpretability Low Interpretability  

Our Optimized Decision Tree

An Intuitive Way: 

By Significantly Improving 
Tree’s Accuracy

First aim: to improve tree’s accuracy



Introduction and Motivation 4

Decision Tree’s Two Issues: Lower test accuracy and Non-differentiability

Non-differentiability: two sources of hard decisions

Hard splits at branch nodes for sample branching. 

Unique decision path at leaf node for sample prediction. 

Limitation in gradient-based optimization tasks. 

Second aim: 
differentiable tree

decision tree policy optimization in reinforcement learning. 
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Improve Decision Tree’s Accuracy Through Advanced Optimization 

Greedy Optimization
CART (Breiman et al., 1984)
OC1 (Murthy et al., 1994)

Mixed-integer Programming
OCT/ORT (Bertsimas and Dunn, 2017)

Scalability Issue

Other optimization
Gradient-based

…
Solvability Benefit

More literature and related work on tree optimization have been thoroughly reviewed and discussed in our paper:
Mao et al., 2025. Differentiable Decision Tree via “ReLU+Argmin” Reformulation. NeurIPS. Spotlight.

Concerns on existing gradient-based trees

Straight-through estimator: suboptimal.

Approximate hard decisions (0 or 1) with probability (0, 1): soft tree.

L

L

How can high accuracy be achieved in a differentiable tree while 
preserving the two sources of hard decisions?
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Branching Test
<latexit sha1_base64="ehowDwLxiWiA0eM/6bObcpmbY6Y="></latexit>

aT
1 xi  b1

<latexit sha1_base64="QKc+jP5ZjKhykPtcqqQfnWyweFs="></latexit>

aT
2 xi  b2

IF (Condition 1: ) AND (NOT Condition 2:       ), THEN prediction based on: θ5
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1 xi  b1

<latexit sha1_base64="QKc+jP5ZjKhykPtcqqQfnWyweFs="></latexit>

aT
2 xi  b2
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Unconstrained Oblique Decision Tree Reformulation

“ReLU+Argmin”-based Differentiable Decision Tree

Basic mathematical notations

Weight : 
Threshold:  

Leaf value:  
for classification 

Final prediction:  
for tree with constant predictions  
for tree with linear predictions 

e.g.

Dataset: 
<latexit sha1_base64="Q9ecH9nrAV183NCsc/j1q8prF34="></latexit>

{xi, yi}ni=1 Tree Depth: <latexit sha1_base64="XSrqAB/Ra5sW1R8Ox+Vtn3hwTrk="></latexit>

D Brach node:  <latexit sha1_base64="vX+lAs93jZpTe7ueztAnL4/7dsE="></latexit>

TB Leaf node:  <latexit sha1_base64="t4diq6FkBV11B7NtkCFuJ+SEWNA="></latexit>

TL

<latexit sha1_base64="v9c7pI0Q5wXBoqd1/WmgwFneb1k="></latexit>

at 2 Rp
<latexit sha1_base64="gYzDtzOUOhKpQBHmwh3K2G32TjQ="></latexit>

t 2 TB

<latexit sha1_base64="gved58VHz847vBF1pu/wQcyeGME="></latexit>

bt 2 R
<latexit sha1_base64="gYzDtzOUOhKpQBHmwh3K2G32TjQ="></latexit>

t 2 TB

<latexit sha1_base64="7Nhx2h7Hu7BaDfUBugVCOwS1RrU="></latexit>

✓t = {ht 2 Rc}

<latexit sha1_base64="RrZXI5D73/JsgnZ+W6YGgLv/CsY="></latexit>

✓t = {kt 2 Rp, ht 2 R} <latexit sha1_base64="z6dCxz6TSN91UoR/EnCGOhLqii0="></latexit>

t 2 TL for regression

<latexit sha1_base64="SMYW5ESzF1OcvO5unMqgcytpZRQ="></latexit>

ŷi = ht
<latexit sha1_base64="D1Z49eeh1X5yKf2GuJMrQDxa+yU="></latexit>

ŷi = kT
t xi + ht

Tree split parameters 

Leaf prediction parameter 



<latexit sha1_base64="3itfhRTiLhYbpdmfRFqGe9LmHl8="></latexit>

vi,1 = ReLU(aT1 xi � b1) = 0
1

2 3

<latexit sha1_base64="i+KjrvZMfpBW86/tps1qpFNUIoU=">AAACCXicbVC7TsMwFHXKq5RXgBEGiwqJqUoQr4GhEgtjkfqS2hA5rtNadR6yb1CrKCsLv8LCAEKs/AEbf4PTdoCWI1k6Pude3XuPFwuuwLK+jcLS8srqWnG9tLG5tb1j7u41VZRIyho0EpFse0QxwUPWAA6CtWPJSOAJ1vKGN7nfemBS8SiswzhmTkD6Ifc5JaAl18RdYCPw/JRkrn1f7wYEBvo3ylyOr7Hn2q5ZtirWBHiR2DNSRjPUXPOr24toErAQqCBKdWwrBiclEjgVLCt1E8ViQoekzzqahiRgykknl2T4WCs97EdSvxDwRP3dkZJAqXHg6cp8UzXv5eJ/XicB/8pJeRgnwEI6HeQnAkOE81hwj0tGQYw1IVRyvSumAyIJBR1eSYdgz5+8SJqnFfuicn53Vq4ezuIoogN0hE6QjS5RFd2iGmogih7RM3pFb8aT8WK8Gx/T0oIx69lHf2B8/gAHq5nH</latexit>

aT1 xi < b1
No softness at branch nodes
deterministic zero or non-zero violation

Assigned leaf node 2
<latexit sha1_base64="bPLQ1dLIPrGGYJG3z0dI+b8XAtI="></latexit>

1 ! 2

1

No softness at leaf nodes
unique decision path by zero 

<latexit sha1_base64="PyizMJzZXnecDuNsm/TPJRO6swk=">AAAB/XicbZDLSsNAFIYn9dJab/GyczNYBBdSkoKXjVBw47KiaYttCJPppB06mYSZSaGGIr6JLlwo4saF7+HOt3HSdqGtPwx8/OcczpnfjxmVyrK+jdzC4tJyvrBSXF1b39g0t7brMkoEJg6OWCSaPpKEUU4cRRUjzVgQFPqMNPz+RVZvDIiQNOI3ahgTN0RdTgOKkdKWZ+46XkqPKiN4DgcZ2ZoszyxZZWssOA/2FErV3NPDbf7juuaZX+1OhJOQcIUZkrJlW7FyUyQUxYyMiu1EkhjhPuqSlkaOQiLddHz9CB5opwODSOjHFRy7vydSFEo5DH3dGSLVk7O1zPyv1kpUcOamlMeJIhxPFgUJgyqCWRSwQwXBig01ICyovhXiHhIIKx1YUYdgz355HuqVsn1SPr7SaUAwUQHsgX1wCGxwCqrgEtSAAzC4A4/gBbwa98az8Wa8T1pzxnRmB/yR8fkDjlGWMg==</latexit>

Ui,2 = vi,1 = 0

Argmin (one-hot encoded Argmin)

<latexit sha1_base64="DB/eaJ+TzSvWDtyovdzGXy+xfVc=">AAAB9XicbVC7TgJBFL2LDxBfqKXNRGJiYciuxkdJYmOJ0QUirGR2mIUJs7PrzKyGbCj8CxsLjLG18E/s/BuHR6HgSW5ycs69ufceP+ZMadv+tjILi0vL2dxKfnVtfWOzsLVdVVEiCXVJxCNZ97GinAnqaqY5rceS4tDntOb3LkZ+7YFKxSJxo/sx9ULcESxgBGsj3bmtlB0eD1BT0HtktwpFu2SPgeaJMyXFcmb4dJv9vK60Cl/NdkSSkApNOFaq4dix9lIsNSOcDvLNRNEYkx7u0IahAodUeen46gHaN0obBZE0JTQaq78nUhwq1Q990xli3VWz3kj8z2skOjj3UibiRFNBJouChCMdoVEEqM0kJZr3DcFEMnMrIl0sMdEmqLwJwZl9eZ5Uj0rOaenkyqSBYIIc7MIeHIADZ1CGS6iACwQkPMMQXq1H68V6s94nrRlrOrMDf2B9/ADBapQ5</latexit>

Ui,3 6= 0

0
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Unconstrained Oblique Decision Tree Reformulation

“ReLU+Argmin”-based Differentiable Decision Tree

Example of 1-depth tree (correct sample assignment 1 → 2 ) 

u Violations of correctly-directed path

Correct-direction; No violation.

<latexit sha1_base64="3rYIPFVqtruePZ3fTMr8cdlJj9w="></latexit>

vi,1 = ReLU(aT1 xi � b1) = 0

u Cumulative violations: only one 
zero-violation at the unique path          

u Loss function:

Correctly Assigned

Path to node 2:
<latexit sha1_base64="+6AsdQ0FkPpnuw7tbGOwhEXUxgg=">AAAB8XicbVDLSgNBEOyNrxhfUS+Cl8EgeJCwG4l6EQJeBC8RzAOTEGYnkzhkdnaZ6RXCkr/w4kERr/6NN/0Tb04eB00saCiquunu8iMpDLrup5NaWFxaXkmvZtbWNza3sts7VRPGmvEKC2Wo6z41XArFKyhQ8nqkOQ18yWt+/3Lk1x64NiJUtziIeCugPSW6glG00l2lnYjjwpBcuO1szs27Y5B54k1JrrSHqeuTr+9yO/vR7IQsDrhCJqkxDc+NsJVQjYJJPsw0Y8Mjyvq0xxuWKhpw00rGFw/JoVU6pBtqWwrJWP09kdDAmEHg286A4r2Z9Ubif14jxu55KxEqipErNlnUjSXBkIzeJx2hOUM5sIQyLeythN1TTRnakDI2BG/25XlSLeS903zxxqZRhAnSsA8HcAQenEEJrqAMFWCg4BGe4cUxzpPz6rxNWlPOdGYX/sB5/wFFupL2</latexit>

Ui,2 = 0

Path to node 3:
<latexit sha1_base64="5cch5rHY9lnqzT0FgCcGOIbbt38=">AAAB9XicbVA9SwNBEJ2LXzF+RW0Em8UgWEi4M0QtAzaCTQQvCSRn2NvsJUv29s7dPSUc+R82ForY+l/s9J/YufkoNPHBwOO9GWbm+TFnStv2p5VZWFxaXsmu5tbWNza38ts7NRUlklCXRDySDR8rypmgrmaa00YsKQ59Tut+/2Lk1++pVCwSN3oQUy/EXcECRrA20q3bTtlxaYhagt4hu50v2EV7DDRPnCkpVPZ05qr09V1t5z9anYgkIRWacKxU07Fj7aVYakY4HeZaiaIxJn3cpU1DBQ6p8tLx1UN0aJQOCiJpSmg0Vn9PpDhUahD6pjPEuqdmvZH4n9dMdHDupUzEiaaCTBYFCUc6QqMIUIdJSjQfGIKJZOZWRHpYYqJNUDkTgjP78jypnRSd02L52qRRhgmysA8HcAQOnEEFLqEKLhCQ8AjP8GI9WE/Wq/U2ac1Y05ld+APr/Qc1p5Si</latexit>

Ui,3 6= 0
<latexit sha1_base64="kMoFqW0WwNoGde0a3QXAnJFbBCY="></latexit>

Li = (yi � ✓2)
2

<latexit sha1_base64="dhjE/RuGFS7pVN+f5WMRgs8LaK0="></latexit>

Li =
h
1 · (yi � ✓2)

2 + 0 · (yi � ✓3)
2
i

A 2-depth tree example is discussed in the paper.
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Unconstrained Oblique Tree Exact Reformulation

“ReLU+Argmin”-based Differentiable Decision Tree

ReLU-based hard splits → left-right branching (zero or non-zero violation). 

<latexit sha1_base64="tCAah9eVFZUpZIo3P1svPqoLpKk="></latexit>

Ui,t =
X

j2Al
t

vi,j +
X

j2Ar
t

vi,j

v Unique decision path formulation using Argmin (No softness for sample prediction)
<latexit sha1_base64="hkkTa3GULDuHJhTeJxi+ws+7owU="></latexit>

M (Ui,t) = (t = (Argmin(Ui) + dT/2e))
<latexit sha1_base64="N0s07iRg4tgqMXZ4SH7ogWN54Ac="></latexit>

Ui = {Ui,bT/2c+1, · · · , Ui,T } Unique tree path (correctly assigned)

Only outputting one when ; otherwise 0. 
<latexit sha1_base64="SSOCneq22NghpaM2djv/k5T8TmI=">AAAB8nicbVC7SgNBFJ31GeMrPjqbwSBYSNgN+GiEgI1lBDcJbJYwO5kkQ2Znlpm7QljyGTYWitjaiT9i5y/Y2zt5FJp44MLhnHu5954oEdyA6346C4tLyyurubX8+sbm1nZhZ7dmVKop86kSSjciYpjgkvnAQbBGohmJI8HqUf9q5NfvmDZcyVsYJCyMSVfyDqcErBT4rYyfwBBfYrdVKLoldww8T7wpKVb2v9/N11uv2ip8NNuKpjGTQAUxJvDcBMKMaOBUsGG+mRqWENonXRZYKknMTJiNTx7iI6u0cUdpWxLwWP09kZHYmEEc2c6YQM/MeiPxPy9IoXMRZlwmKTBJJ4s6qcCg8Oh/3OaaURADSwjV3N6KaY9oQsGmlLcheLMvz5NaueSdlU5vbBplNEEOHaBDdIw8dI4q6BpVkY8oUugePaInB5wH59l5mbQuONOZPfQHzusP0oSUtg==</latexit>

Ui,t = 0

v Unconstrained optimization task
<latexit sha1_base64="AM24Ilm5EY9ikJcwqp3IWZDtSyc="></latexit>

L =
nX

i=1

X

t2TL

M (Ui,t) ` (yi, ŷi)

Cumulative violations across all ancestors
<latexit sha1_base64="EsWQgaOKD4FWIepUggIgR1Ra47M="></latexit>

At = Al
t [ Ar

t

No softness for sample branching
v Correct direction: violation

<latexit sha1_base64="oh/uzGh6TR0t9HiwuFOhyZJHysA="></latexit>

vi,j = 0



10“ReLU+Argmin”-based Differentiable Decision Tree

Multi-run Warm Start Annealing Strategy For Scaling Softmin Operations
<latexit sha1_base64="AM24Ilm5EY9ikJcwqp3IWZDtSyc="></latexit>

L =
nX

i=1

X

t2TL

M (Ui,t) ` (yi, ŷi)

Involve Argmin operation undefined gradient

u Scaled Softmin to approximate Argmin
<latexit sha1_base64="PCbO9/MJfKpRYHbGwVcjf/3HBV4="></latexit>

S (Ui,t) =
e↵(�Ui,t)

P
t2TL

e↵(�Ui,t)

<latexit sha1_base64="cpW5SOkQcfp7D4JYCF8bqKQvBl0="></latexit>

L =
nX

i=1

X

t2TL

S (Ui,t) ` (yi, ŷi)

Trade-off between approximation accuracy and numerical stability

By starting with a smaller α and gradually increasing it

The solution from an optimization task with a smaller α is
used to warm-start the next task with a larger α. 

→

→



11“ReLU+Argmin”-based Differentiable Decision Tree

Gradient-based Entire Tree Optimization Framework for RADDT

Why to implement optimization within existing frameworks?

Ø Efficient gradient calculations
        Mature auto differentiation tools.

Ø Efficient parameter updates
        Powerful  gradient-based optimizers, e.g. Adam optimizer. 

Ø High-performance computing
        Distributed multi-GPU parallelization.
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13Numerical Experiments and Discussions

14 compared baselines across 8 groups
(a) greedy: CART, HHCART (Wickramarachchi et al., 2015), RandCART (Blaser and Fryzlewicz, 2016),              
OC1 (Murthy et al., 1994)

(b) non-greedy tree: TAO (Zharmagambetov and Carreira-Perpinan, 2020)

(c) gradient-based trees using STE: GradTree (Marton et al., 2023), DGT (Karthikeyan et al., 2022), 
DTSemNet (Panda et al., 2024)

(d) sigmoid-based soft tree: SoftDT (Frosst and Hinton, 2017)

(e) relaxed MIP-based tree solved via implicit differentiation LatentTree (Zantedeschi et al., 2021)

(g) soft tree variant using smooth-step function TEL (Hazimeh et al.,2020) (Tree ensemble)
(f) Local search ORT-LS (Dunn, 2018)

(h) other ensembles like random forest RF and XGBoost

Since it remains uncertain whether oblique trees can match tree ensemble’s accuracy, we include RF and XGBoost 
as a commonly used and strong ensemble baselines, and TEL as the oblique ensemble counterpart.



14Numerical Experiments and Discussions

Evaluation on 4 groups of datasets  
(i) 17 medium-sized regression datasets (primary focus)

(ii) 27 classification and 9 regression datasets used in the papers of certain baselines (for 
a more credible comparison)

(iii) 4 real-world small datasets, and 3 synthetic datasets (for comparing global optimality)

(iv) 7 million-scale datasets (for evaluating scalability).

We mainly evaluate regression tasks, but also include the same classification datasets used by 
certain baselines for a more convincing comparison.

This slide does not cover all experiments; more comprehensive empirical analyses can be found in the paper.



<latexit sha1_base64="dyXXEaiiLBnGKbrA8JzHvcSjTK4="></latexit>

Greedy Methods Gradient-based
1, 2

Local Search Ours

CART RandCART HHCART OC1 GradTree SoftDT ORT-LS RADDT
Testing Accuracy (R2

, %) 74.85 71.20 76.75 73.31 64.30 72.72 78.67 82.39
Tree Depth 10.24 8.12 8.29 8.12 10.29 10.29 6.24 7.29

Friedman Rank 4.65 5.88 3.65 5.06 7.00 4.76 3.24 1.76
1
Other two gradient-based DGT and LatentTree are compared later with fixed depths due to scalability issues at depth 12.

2
More results on their originally-used dataset are discussed in the paper, include GradTree, SoftDT, DGT, and DTSemNet.

15Numerical Experiments and Discussions

Test Accuracy Comparison 
Our tree with constant predictions RADDT 

Our tree with linear predictions RADDT-Linear 

82.39 7.54% higher than CART 
3.72% higher than ORT-LS

<latexit sha1_base64="vf4nD4LjR1E+smCixZDV+BWsqf0="></latexit>

RF XGBoost TEL RADDT RADDT-Linear
Number of Trees 314.71 352.94 10 1 1

Test Accuracy (R2, %) 82.62 83.51 83.87 82.39 84.63
Friedman Rank 2.88 2.24 3.29 4.35 2.24

84.63

Our aim is NOT to claim superiority over ensembles. Instead, we provide a reference showing that our tree 
can match ensemble’s accuracy with far fewer parameters.

§ RADDT-Linear outperforms RF by 2.01%



16Numerical Experiments and Discussions

Superior Testing Accuracy Analysis: From Training Optimality Perspective 
<latexit sha1_base64="RWTsWXefnR6gWCtqcC82DeGaPJQ="></latexit>

D
Greedy Methods Gradient-based Trees Local Search Ours

CART RankCART HHCART OC1 GradTree SoftDT DGT LatenTree ORT-LS RADDT

Train

(R2
,%)

2 46.95 32.81 46.20 49.59 39.42 50.59 64.48 66.94 66.43 71.78
4 61.16 54.09 62.65 63.21 53.29 56.83 75.83 72.25 79.52 82.18
8 81.45 77.51 82.26 81.43 64.65 66.81 82.01 74.54 90.91 90.93
12 93.45 93.06 94.74 93.02 66.86 73.03 / / 97.46 96.36

Test

(R2
,%)

2 46.14 32.47 45.61 47.95 38.53 49.94 63.81 66.42 64.51 70.07
4 58.92 52.69 61.30 60.22 51.45 56.32 75.16 71.03 75.06 78.98
8 69.77 69.93 74.57 69.08 62.40 66.44 79.99 70.77 74.93 77.89
12 68.28 64.13 68.37 65.57 63.81 72.45 / / 68.25 73.11

Time

(s)

2 0.03 0.70 4.43 3,216 31.32 22.24 2,102 1,624 457.21 542.22

4 0.04 1.56 7.45 4,192 54.74 81.88 2,577 2,194 868.08 478.81

8 0.07 5.08 12.52 4,803 298.92 1,209 4,049 2,381 9,336 602.69

12 0.10 12.61 22.01 5,103 10,417 54,829 / / 210,141 2,643

Fixed-depth comparison of training, testing accuracy and training time on Group (i) datasets.

§ Our RADDT outperforms the baseline CART by 24.83%, 21.02% and 9.48% in training for depths of 2, 4 and 8

showcase the efficacy of our tree optimization to achieve better training optimality.

High train accuracy → High test accuracy (if no overfitting) 
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GPU Acceleration (Training Time), Model Complexity (Inference Time)

Our method scales to 12-depth deep tree on million-scale datasets, where existing gradient-
based trees fail.

More detailed empirical results, model parameters calculation and interpretability analysis can be found in the paper.

For a similar accuracy, our oblique tree may NOT require more parameters overall than 
orthogonal tree.

Interpretability depends on multiple factors: tree depth, feature number, and the accuracy-
simplicity trade-off. 



18Limitation and Future Work

§ Inadequate regularization.

§ A lack of theoretical analysis.

§ Fail to consider the corner case where both and .<latexit sha1_base64="JT+ZnKeXEpAvB39WPe2yxzgia0I="></latexit>

aj = 0
<latexit sha1_base64="pgPG/t9SQwdY6ldDLtm3VA8Ntw0="></latexit>

bj = 0

§ More tuning on regularization parameters for tree ensembles.

§ Apply our proposed optimization strategies to other gradient-based trees.

§ Try different alternatives for scaled softmin operations, e.g. entmax function.

Detailed limitation analysis and future work can be found in the paper.
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