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Tabular data

age (n) job (c) marital (c) education (c) balance (n) housing (c)
0 30 unemployed married primary 1787 no
1 33 services married secondary 4789 yes
2 35 management single tertiary 1350 yes
3 30 management married tertiary 1476 yes
4 59 blue-collar married secondary 0 yes
5 35 management single tertiary 747 no

Tabular data are organized by column. Data are mainly categorical (binary or multiple classes) or numerical.



Tree based models
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Best deep learning model for tabular data
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Details
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Best deep learning model for tabular data
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Le constat :
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Le constat :

In most cases, the models perform worse on unseen datasets than do the datasets’ original models.

The XGBoost model generally outperformed the deep models| For 8 of the 11 datasets, XGBoost outperformed
the deep models, which did not appear in the original paper. For these datasets, the results were significant
(p < 0.005).

* No deep model consistently outperformed the others. [Each deep model was better only on the datasets that
appeared in its own paper] However,|the performance of the 1D-CNN model may seem better since all datasets
were new to it.

¢ |'The ensemble of deep models and XGBoost outperformed the other models in most cases. |For 7 of the 11
datasets,|the ensemble of deep models or XGBoost was significantly better than the single deep models. [The
p-value in these cases was less than (0.005, which indicates the null hypothesis (i.e., no difference between the
performance of the tested models) is rejected.




Pourquoi ?

Les arbres comme les réseaux sont des approximateurs
universels, ils ont la méme expressivité :

Pourquoi les arbres semblent-ils étre meilleurs ?



Why do tree-based models
still outperform deep
learning on tabular data?
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Benchmarks

45 Datasets :

Colonnes hétérogenes

Pas trop hautement dimensionnel (d/N < 1/10)

I.I.D

Real-World (pas de dataset synthétiques)

Pas trop petits (d >= 4, N >= 3000)

Pas trop faciles (régression linéaire performe a 5% de XGBoost)
Pas déterministe (avec du bruit)

Traitement :

e Tronquésa N =10000
® Suppression des données manquantes ® Balance des classes
® Feature catégoriques < 20 items, Feature numériques > 10 valeurs



Benchmarks

Les difficultés :

Tronqués a N = 10000

Suppression des données manquantes

Feature catégoriques < 20 items, Feature numériques > 10 valeurs
Balance des classes

Traitement des données :

® OneHotEncoding pour les modeles ne supportant pas les variable catégoriques
® Gaussianisation des features pour les réseaux



Even more benchmarks

1.0 Regression (18 datasets)
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Figure 7: Time benchmark on medium-sized datasets, with only numerical features. The first



Even more benchmarks

Classification (7 datasets) Regression (14 datasets)
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Figure 8: Time benchmark on medium-sized datasets, with both numerical and categorical
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Decision boundaries



Finding 2: NN hate uninformative features
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Finding 3: NN are “rotationally” invariant, but

not the data...
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