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Why conditional density
estimation (CDE)?

e (Get the full conditional

distribution P(Y | X),
which provides more information

than regression E(Y | X).




Why conditional density
estimation (CDE)?

e (Get the full conditional

distribution P(Y | X),
which provides more information

than regression E(Y | X).

e Useful for uncertainty
quantification and knowledge

discovery.

Figure from: Takeuchi, Ichiro, Kaname Nomura, and Takafumi Kanamori.
"Nonparametric conditional density estimation using piecewise-linear so lution path of kernel quantile regression."
Neural Computation 21.2 (2009): 533-559.
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Research Gap

» Existing Methods for CDE
 Kernel-based methods (the standard “shallow” methods for now)

e Black-box methods (Normalizing Flows, Boosted trees, etc)

* Intrinsically Interpretable models like decision trees have been
understudied for conditional density estimation (CDE)!

* Arguably more interpretable than kernel-based methods



CDTree: Conditional Density Estimation Tree
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CDTree: Conditional Density Estimation Tree




CDTree: Conditional
Density Estimation Tree

 Modeling the associations
between medical costs and
demographic & life style feature
variables (e.g., smoker or not).
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Learning CDTree, key features:

* Adopting the minimum description length (MDL) principle

M* = arg min L(D |M) + L(M)
Me.u

« L(D|M) : code length in bits needed to encode the data given model M

o L(M) : code length in bits needed to encode the model itself.

* |n contrast, traditional optimization score often involves

M* = arg min
MeH



Learning CDTree, key features:

 No cross-validation for the hyper-parameter ‘@ to control overfitting
 Advantages:
 Reduce runtime

 Make the learned CDTree stable, favoring interpretability



Learning CDTree, key features:

 |teratively grow the tree, WITHOUT pruning
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Learning CDTree, key features:

 Advantages: Speed up the training & Hobust to “irrelevant” features
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Experiment Results



Predictive performance

Table 2: Negative log-likelihoods (smaller 1s better) on test sets. The best results among interpretable
methods are shown in bold, and the best results among all interpretable and black-box models are

marked by the underlines. The datasets are ordered by their numbers of columns (ascending).

Interpretable models Black-box models
Datasets CADET CART-h CARTk CKDE LSCDE NKDE Ours ||LinCDE ~ MDN NF
energy 3.55 3.09 3.06 247 3.38 30 293 293 2778 2.86
synchrono -293 -163 -186 -3.59 -1.25 -157} -2.11 | -1.85 -294 -2.64
localizat -0.23 -0.55 -0.01 -0.26 -0.61 -0.28F -0.66 || -0.95 -0.68 -0.43
toxicity 1.8 1.5 1.38 1.32 1.34 1557 1.53 1.29 124 1.23
concrete 4.17 3.75 393 3.32 3.66 391} 3.72 347 297 3.18
slump 342  3.55 343 235 291 308} 3.34 298 223 2.39
forestfir 134 396 439 485 468 555) 343 | 435 326 3.23
navalprop -3.53 33 366 -28 -288 -3.197 -3.6 | -3.36 -4.12 -3.75
skillcraf 944 046 -042 154 161 1.56 ] -1.02 1.26 0.35 1.11
sml2010 6.52 2.85 289 161 314 3.12 2.7 297 215 2.61
thermogra 2.21 0.66 072 0.66 094 094 0.64 0.59 056 0.52
support2 97.3 0.51 032 209 246 213" 0.29 148 153 1.24
studentma 383 265 266 289 419 311 2.66 259 385 3.54
supercond 9.6 3.84 436 455 417 419 348 3.87 3.33 3.5
rank (all) 8.79  5.68 6.04 S5.11 746 7.68 4 |1 446 257 3.21
rank (intp.)  6.07 343 3.86 3.14 457 486 2.07 — — —
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Table 2: Negative log-likelihoods (smaller 1s better) on test sets. The best results among interpretable
methods are shown in bold, and the best results among all interpretable and black-box models are
marked by the underlines. The datasets are ordered by their numbers of columns (ascending).
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Predictive performance

Table 2: Negative log-likelihoods (smaller 1s better) on test sets. The best results among interpretable
methods are shown in bold, and the best results among all interpretable and black-box models are
marked by the underlines. The datasets are ordered by their numbers of columns (ascending).

Interpretable models . box models
Datasets CADET CART-h CARTk CKDE LSCDE NKDE MDN NF
energy 3.55 3.09 3.06 247 3.38 3 278  2.86
synchrono -293 -163 -186 -3.359 -1.25 -1.57 -2.94 -2.64
localizat -0.23 -0.55 -0.01 -0.26 -0.61 -0.28 -0.68 -0.43
toxicity 1.8 1.5 1.38 132 134 1.55 1.24 1.23
concrete 4.17 3.75 393 332 3.66 391 297 3.18
slump 342  3.55 343 235 291 3.08 223  2.39
forestfir 134 396 439 485 468 555 326 3.23
navalprop -3.53 33 -3.66 -28 -288 -3.19 -4.12 -3.75
skillcraf 944 046 -042 154 1.61 1.56 0.35 1.11
sml2010 6.52 2.85 289 161 314 3.12 2.15 2.61
thermogra 2.21 0.66 0.72 066 094 0.94 0.56 0.52
support2 97.3 0.1 032 209 246 2.13 1.53 1.24
studentma 383 265 266 289 419 3.1 3.85 354
supercond 96 384 436 455 417 4.19 3.33 3.5
rank (all) 8.79  5.68 6.04 511 746 TRSH 4| 446 f AT 3.21
rank (intp.) 6.07 343 3.86 3.14 457 4.86 — —




Model complexity: tree sizes
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Figure: the number of leaves for tree-based methods
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Conclusions

 We developed CDTree, the first dedicated decision tree method for
non-parametric conditional density estimation.

 We have demonstrated its competitive predictive performance and
iInterpretabillity.

o Github: https://github.com/ylincen/CDTree
o Paper: https://arxiv.org/pdf/2410.11449
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