Supplementary material

A MLP with embeddings for numerical features

We provide visual explanation of how embeddings are passed to MLP in|Figure 2|and [Figure 3| Also,
we provide the formal explanation in (categorical features are omitted for simplicity).
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Figure 2: The vanilla MLP. The model Figure 3: The same MLP as in but now
takes twc.) numerical fe aturé s as input with embeddings for numerical features.

MLP(z1, ..., 2;) = MLP (concat|zy, ..., 2]) concat[z, ..., z,] € Rt Fde  (3)

B Target-aware piecewise linear encoding

We provide visualisation of target-aware PLE (subsubsection 3.2.2)) in |Figure 4]
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Figure 4: Obtaining bins for PLE from decision trees.
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C Additional details on datasets

Table 11: Details on datasets, used for experiments

Abbr Name # Train # Validation # Test # Num # Cat Task type Batch size
GE Gesture Phase 6318 1580 1975 32 0 Multiclass 128
CH Churn Modelling 6400 1600 2000 10 1 Binclass 128
CA California Housing 13209 3303 4128 8 0  Regression 256
HO House 16H 14581 3646 4557 16 0 Regression 256
AD Adult 26048 6513 16281 6 8 Binclass 256
OoT Otto Group Products 39601 9901 12376 93 0  Multiclass 512
HI Higgs Small 62751 15688 19610 28 0 Binclass 512
FB Facebook Comments Volume 157638 19722 19720 50 1 Regression 512
SA  Santander Customer Transactions 128000 32000 40000 200 0 Binclass 1024
CO Covertype 371847 92962 116203 54 0  Multiclass 1024
MI MSLR-WEBI10K (Fold 1) 723412 235259 241521 136 0 Regression 1024

We used the following datasets:

¢ Gesture Phase Prediction (Madeo et al. [27]])

+ Churn Modeling’]

 California Housing (real estate data, Kelley Pace and Barry [20]])

« House 16H7]

¢ Adult (income estimation, Kohavi [22])

¢ Otto Group Product Classificatio

» Higgs (simulated physical particles, Baldi et al. [4]; we use the version with 98K samples
available in the OpenML repository [44])

» Santander Customer Transaction Predictio

* Facebook Comments (Singh et al. [37]])

» Covertype (forest characteristics, Blackard and Dean. [5])

* Microsoft (search queries, Qin and Liu [33]). We follow the pointwise approach to learning-to-
rank and treat this ranking problem as a regression problem.

D Additional analysis

D.1 Testing quantile-based PLE on the synthetic GBDT-friendly dataset

In this section, we apply the quantile-based piecewise linear encoding (described in
to MLP and Transformer on the synthetic GBDT-friendly dataset described in section 5.1
in Gorishniy et al. [13]]. In a nutshell, features of this dataset are sampled randomly from N (0, 1),
and the target is produced by an ensemble of randomly constructed decision trees applied to the
sampled features. This task turns out to be easy for GBDT, but hard for traditional DL models [[13]].
The results are visualized in As the plot shows, PLE-representations can be helpful for both
MLP and Transformer backbones. In the considered synthetic setup, increasing the number of bins
leads to better results, however, in practice, using too many bins can lead to overfitting; therefore, we
recommend tuning the number of bins based on a validation set.

Technical details. Our dataset has 10, 000 objects, 8 features and the target was produced by 16
decision trees of depth 6. CatBoost is trained with the default hyperparameters. Transformer is
trained with the default hyperparameters of FT-Transformer. The MLP backbone has four layers of
size 256 each. Importantly, the task GBDT-friendly, which can be illustrated by the performance of
the funed MLP: 0.2229 + 0.0055 (it is still worse than the performance of CatBoost). The remaining
details can be found in the source code.

“https://www.kaggle.com/shrutimechlearn/churn-modelling
3https://www.openml.org/d/574
*https://www.kaggle.com/c/otto-group-product-classification-challenge/data
>https://www.kaggle.com/c/santander-customer-transaction-prediction

16



040
0.35
--- MLP
—— MLP-Q
0.301 Transformer
Transformer-Q
m _—
» 025 CatBoost
=
~
0.20
0.15 e
0.10{ T TTTTTTTTTTTTTTTTTTee——LTTTemmmTTTT
2 4 8 16 32 64 128 256 512 1024 2048

# bins

Figure 5: RMSE (averaged over five random seeds) of different approaches on the same synthetic
GBDT-friendly task. Using PLE-representations (“-Q”) instead of scalar values improves the perfor-
mance of MLP and Transformer. Note that in practice, increasing the number of bins does not always
lead to better results.

D.2 Fourier features

In this section, we test Fourier features implemented exactly as in Tancik et al. [42], i.e. pre-activation
coefficients are not trained and features are mixed right from the start. Importantly, the latter means
that this approach is not covered by the embedding framework described in As
reported in MLP equipped with the original Fourier features does not perform well even
compared to the vanilla MLP. So, it seems to be important to embed each feature separately as

described in [subsection 3.11

Table 12: Results for the vanilla MLP and MLP equipped with Fourier features [42]. Notation follows
Table 3 and Table 2.

GE1T CH1T CA|l HO|l ADT OTT HIT FB|] SAT COT MIJ

MLP 0.632 0.856 0.495 3.204 0.854 0.818 0.720 5.686 0.912 0.964 0.747
MLP (Fourier features) 0.612 0.845 0.495 3.267 0.858 0.810 0.711 5.767 0.915 0.961 0.749

E Implementation details

We mostly follow Gorishniy et al. [[13]] in terms of the tuning, training and evaluation protocols.

Data preprocessing. Preliminary data preprocessing is known to be crucial for the optimization of
tabular DL models. For each dataset, the same preprocessing was used for all deep models for a
fair comparison. For all datasets except for Otto Group Product Classification, we use the quantile
transformation from the Scikit-learn library [30]. For Otto Group Product Classification, we do
not apply any feature preprocessing. We also apply standardization to regression targets for all
algorithms.

Tuning. For every dataset, we carefully tune each model’s hyperparameters. The best hyperparameters
are the ones that perform best on the validation set, so the test set is never used for tuning. For most
algorithms, we use the Optuna library [1]] to run Bayesian optimization (the Tree-Structured Parzen
Estimator algorithm), which is reported to be superior to random search [43]]. The search spaces for
all hyperparameters are reported in the appendix.

Evaluation. For each tuned configuration, we run 15 experiments with different random seeds and
report the average performance on the test set.
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Ensembles. For each model-dataset pair, we obtain three ensembles by splitting the 15 single models
into three disjoint groups of equal size and averaging predictions of single models within each group.

Neural networks. The implementations of the MLP, ResNet, and Transformer backbones are taken
from Gorishniy et al. [[13]. We minimize cross-entropy for classification problems and mean squared
error for regression problems. We use the AdamW optimizer [26]. We do not apply learning rate
schedules. For each dataset, we use a predefined batch size (see [Appendix C|for the specific values).
We continue training until there are patience + 1 consecutive epochs without improvements on the
validation set; we set patience = 16 for all models.

Categorical features. For CatBoost, we employ the built-in support for categorical features. For all
other algorithms, we use the one-hot encoding.

E.1 One-blob encoding

In we used a slightly generalized version of the original one-blob encoding [29].
Namely, while the original sets the width of the kernel to T~ (T is the number of bins), we set it to
T~7 and tune .

E.2 Hyperparameter tuning configurations

E.3 CatBoost

We fix and do not tune the following hyperparameters:

* early-stopping-rounds = 50
* od-pval = 0.001

e iterations = 2000

For tuning on the MI and CO datasets, we set the task_type parameter to “GPU”. In all other cases
(including the evaluation on these two datasets), we set this parameter to “CPU”.

Table 13: CatBoost hyperparameter space

Parameter Distribution

Max depth UniformInt[1, 10]
Learning rate LogUniform[0.001, 1]
Bagging temperature Uniform[0, 1]

L2 leaf reg LogUniform(1, 10]

Leaf estimation iterations ~ UniformInt[1, 10]

# Iterations 100

E.4 XGBoost
We fix and do not tune the following hyperparameters:

* booster = "gbtree"
* early-stopping-rounds = 50

e n-estimators = 2000
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ES MLP

E.6 ResNet

Table 14: XGBoost hyperparameter space.

Parameter Distribution

Max depth UniformInt[3, 10]

Min child weight ~ LogUniform[0.0001, 100]
Subsample Uniform[0.5, 1]

Learning rate

Col sample by tree
Gamma

Lambda

LogUniform|[0.001, 1]
Uniform[0.5, 1]

{0, LogUniform[0.001, 100] }
{0, LogUniform[0.1, 10]}

# Iterations

100

Table 15: MLP hyperparameter space.

Parameter Distribution

# Layers UniformInt[1, 16]

Layer size UniformInt[1, 1024]
Dropout {0, Uniform[0, 0.5]}
Learning rate  LogUniform[5e-5, 0.005]
Weight decay {0, LogUniform[1e-6, 1e-3]}

# Iterations

100

Table 16: ResNet hyperparameter space.

Parameter Distribution

# Layers UniformInt[1, 8]
Layer size UniformInt[32, 512]
Hidden factor Uniform][1, 4]
Hidden dropout  Uniform][0, 0.5]

Residual dropout
Learning rate
Weight decay

{0, Uniform[0, 0.5]}
LogUniform|[5e-5, 0.005]
{0, LogUniform[1le-6, 1le-3]}

# Iterations

100
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E.7 Transformer

Table 17: Transformer hyperparameter space. Here (A) = {SA, CO, MI} and (B) = the rest

Parameter (Datasets) Distribution

# Layers (A) UniformInt[2, 4], (B) UniformInt|[1, 4]
Embedding size (A) UniformInt[192, 512], (B) UniformInt[96, 512]
Residual dropout  (A) Const(0.0), (B) {0, Uniform[0, 0.2]}

Attention dropout  (A,B) Uniform[0, 0.5]

FFN dropout (A,B) Uniform|[0, 0.5]

FEN factor (A,B) Uniform[2/3, 8/3]

Learning rate (A) LogUniform|[le-5, 3e-4], (B) LogUniform|[le-5, le-3]
Weight decay (A) Const(le-5), (B) LogUniform[le-6, 1e-4]

# Iterations (A) 50, (B) 100

E.8 Embedding hyperparameters

The distribution for the output dimensions of linear layers is UniformInt[1, 128].

PLE. We share the same hyperparameter space for PLE across all datasets and models. For the
quantile-based PLE, the distribution for the number of quantiles is UniformInt[2, 256]. For the
target-aware (tree-based) PLE, the distribution for the number of leaves is UniformInt[2, 256], the
distribution for the minimum number of items per leaf is UniformInt[1, 128] and the distribution for
the minimum information gain required for making a split is LogUniform[1e-9, 0.01].

Periodic. The distribution for % (see[Equation 2) is UniformInt|1, 128].

F Extended tables with experimental results

The scores with standard deviations for single models and ensembles are provided in[Table T8|and
respectively. Please, refer to to learn about the model names.

Additionally, we include the results for the DICE embeddings [41], which is a general way to
represent numbers with vectors introduced in the context of NLP. The results though demonstrate
that it is a suboptimal approach in tabular data problems.
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