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ABSTRACT

Tabular data have been playing a mostly important role in diverse real-world fields,
such as healthcare, engineering, finance, etc. With the recent success of deep
learning, many tabular machine learning (ML) methods based on deep networks
(e.g., Transformer, ResNet) have achieved competitive performance on tabular
benchmarks. However, existing deep tabular ML methods suffer from the rep-
resentation entanglement and localization, which largely hinders their prediction
performance and leads to performance inconsistency on tabular tasks. To over-
come these problems, we explore a novel direction of applying prototype learn-
ing for tabular ML and propose a prototype-based tabular representation learning
framework, PTARL, for tabular prediction tasks. The core idea of PTARL is to
construct prototype-based projection space (P-Space) and learn the disentangled
representation around global data prototypes. Specifically, PTARL mainly in-
volves two stages: (i) Prototype Generation, that constructs global prototypes as
the basis vectors of P-Space for representation, and (ii) Prototype Projection, that
projects the data samples into P-Space and keeps the core global data information
via Optimal Transport. Then, to further acquire the disentangled representations,
we constrain PTARL with two strategies: (i) to diversify the coordinates towards
global prototypes of different representations within P-Space, we bring up a diver-
sification constraint for representation calibration; (ii) to avoid prototype entangle-
ment in P-Space, we introduce a matrix orthogonalization constraint to ensure the
independence of global prototypes. Finally, we conduct extensive experiments in
PTARL coupled with state-of-the-art deep tabular ML models on various tabular
benchmarks and the results have shown our consistent superiority.

1 INTRODUCTION

Tabular data, usually represented as tables in a relational database with rows standing for the data
samples and columns standing for the feature variables (e.g., categorical and numerical features), has
been playing a more and more vital role across diverse real-world fields, including healthcare (Her-
nandez et al,[2022), engineering (Ye et al., |2023)), advertising (Frosch et al.}[2010), finance (Assefa
et al., [2020), etc. Starting from traditional machine learning methods (e.g., linear regression (Su
et all 2012), logistic regression (Wright, [1995)) to tree-based methods (e.g. XGBoost (Chen &
Guestrin, [2016), LightGBM (Ke et al.l [2017)), tabular machine learning has received broad atten-
tion from researchers for many decades.

More recently, with the great success of deep networks in computer vision (CV) (He et al.,|2016) and
natural language processing (NLP) (Devlin et al., [2018)), numerous methods based on deep learning
have been proposed for tabular machine learning (ML) to accomplish tabular prediction tasks (Song
et al.| [2019; [Huang et al., [2020; |Gorishniy et al.l 2021; Wang et al.l 2021). For example, (Song
et al., 2019) proposed Autolnt based on transformers, (Gorishniy et al., [2021) further improved
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Autolnt through better token embeddings, and (Wang gt al.,|2021) proposed DCN V2 that consists
of an MLP-like module and a feature crossing module.

While the recent deep learning solutions have performed competitively on tabular benchmarks (Gor-
ishniy et al., 202; Shwartz-Ziv & Armon, 2022), there still existsparformance inconsistency

in their predictions on tabular tasks: existing state-of-the-art deep tabular ML models (e.g., FT-
Transformer|(Gorishniy et &[., 2021), ResNet (Gorishniy et al., 2021)) cannot perform consistently
well on different tasks, such as regression, classi cation, etc. We investigate the learned patterns
of deep tabular ML models and identify two inherent characteristic hindering predictiorepgi)
resentation entanglementhe learned representations of existing deep tabular methods are usually
entangled and thus cannot support clear and accurate decision-making, eepd€sgntation local-

ization each data sample are represented distinctively, making the global data structures over data
samples are overlooked.

To better overcome the aforementioned challenges, we explore the direcipplging prototype
learning for tabular modelingand accordingly we propose RRL, a prototype-based tabular rep-
resentation learning framework for tabular ML predictions. The core idea aRRTis to develop

a prototype-based projection spaf-Space) for deep tabular ML models, in which the disentan-
gled representatiohsiround pre-de ned global prototypes can be acquired with global tabular data
structure to enhance the tabular predictions. Speci cally, oux R mainly involves two stages,

(i) Prototype Generating and (ii) Representation Projecting. In the rst stage, we conétglobal
prototypes for tabular representations, each of which is regarded as the basis vector for the P-Space
to stimulate disentangled learning for more global data representations. We initialize the global pro-
totypes withK-Means clusteringHartigan & Wong, 1979) to facilitate the ef ciency of prototype
learning. In the second stage, we project the original data samples into P-Space with the global
prototypes to learn the representations with global data structure information. To learn the global
data structure, we propose a shared estimator to output the projected representations with global
prototypes; besides, we propose to utilzptimal Transpori{Peyg et al., 2017) to jointly optimize

the learned representations in P-Space with global prototypes and original representations by deep
tabular models, to preserve original data structure information.

In addition to employing global prototypes, we propose two additional strategies to further dis-
entangle the learned representations imRT: (i) Coordinates Diversifying Constraint motivated

by contrastive learning that diversi es the representation coordinates of data samples in P-Space
to represent data samples in a disentangled manner, and (ii) Matrix Orthogonalization Constraint
that makes the de ned global prototypes in P-Space orthogonal with each other to ensure the in-
dependence of prototypes and facilitate the disentangled learning. In brief, our contribution can be
summarized as follows:

» We investigated the learned patterns of deep tabular models and explore a novel direapen of
plying prototype learning for tabular machine learning address representation entanglement
and localization.

» We propose a model-agnostic prototype-based tabular representation learning framew&k, PT
for tabular prediction tasks, which transforms data into the prototype-based projection space and
optimize representations via Optimal Transport.

» We propose two different strategies, the Coordinates Diversifying Constraint and the Matrix Or-
thogonalization Constraint to make RRL learn disentangled representations.

» We conducted extensive experiments imiRL coupled with state-of-the-art (SOTA) deep tabular
ML models on various tabular benchmarks and the comprehensive results along with analysis and
visualizations demonstrate our effectiveness.

2 RELATED WORK

Deep Learning for Tabular machine learning. Starting from statistical machine learning methods
(e.g., linear regression (Su et al., 2012), logistic regression (Wright, 1995)) to tree-based methods

In our paper, “disentangled representations” means the representations are more separated and discrimina-
tive for supervised tabular modeling tasks, which is different from disentanglement in deep generative models.
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(e.g. XGBoost (Chen & Guestrin, 2016), LightGBM (Ke et al., 2017)), traditional machine learn-
ing methods are broadly used for tabular machine learning. More recently, inspired by the success
of of deep learning in computer vision (CV) (He et al., 2016) and natural language processing
(NLP) (Devlin et al., 2018), numerous methods based on deep learning have been proposed for tab-
ular machine learning to accomplish tabular prediction tasks (Song et al., 2019; Huang et al., 2020;
Gorishniy et al., 2021; Wang et al., 2021). Among these works, Wang et al. (2021) proposed DCN
V2 that consists of an MLP-like module and a feature crossing module; Autolnt (Song et al., 2019)
leveraged the Transformer architecture to capture inter-column correlations; FT-Transformer (Gor-
ishniy et al., 2021) further enhanced Autolint's performance through improved token embeddings;
ResNet for tabular domain (Gorishniy et al., 2021) also achieved remarkable performance. How-
ever, these methods may fail to capture the global data structure information, and are possibly af-
fected by the representation coupling problem. Therefore, they cannot perform consistently well on
different tasks, e.g. regression and classi cation. Recently, another line of research has tried to use
additional information outside target dataset to enhancing deep learning for tabular data. TransTab
(Wang & Sun, 2022) incorporates feature name information into Transformer to achieve cross table
learning. XTab (Zhu et al., 2023) pretrains Transformer on a variety of datasets to enhance tabular
deep learning. Different from this line, RRL does not need additional information outside target
dataset. Note that RRL, as a general representation learning pipeline, is model-agnostic such that
it can be integrated with many of the above deep tabular ML models to learn better tabular data
representations.

Prototype Learning. Typically, a prototype refers to a proxy of a class and it is computed as the
weighted results of latent features of all instances belonged to the corresponding class. Prototype-
based methods have been widely applied in a range of machine learning applicaitons, like computer
vision (Yang et al., 2018; Li et al., 2021; Nauta et al., 2021; Zhou et al., 2022), natural language
processing (Huang et al., 2012; Devlin et al., 2018; Zalmout & Li, 2022). In the eld of CV, pro-
totype learning assigns labels to testing images by computing their distances to prototypes of each
class. This method has been proven to make model to be more resilient and consistent when dealing
with few-shot and zero-shot scenarios (Yang et al., 2018). Likewise, in the eld of natural language
processing (NLP), taking the mean of word embeddings as prototypes for sentence representations
has also demonstrated robust and competitive performance on various NLP tasks.

The mentioned approachs generally employ the design of prototype learning to facilitate the sharing
of global information across tasks, enabling rapid adaptation of new tasks (Huang et al., 2012;
Hoang et al., 2020; Li et al., 2021; Zhou et al., 2022). Similarly, in tabular deep learning, the global
information of data samples is crucial for inferring labels of each data sample (Zhou et al., 2020;
Du et al., 2021). This inspired us to incorporate prototype learning into our proposed framework for
capturing global information and leveraging it to enhance the tabular learning performance.

3 BACKGROUND

Notation. Denote the-th sample agx; ; yi), wherex; = (x{™™ ) x{®)) 2 X represents numerical

and categorical features respectively and2 Y is the corresponding label. A tabular dataset
D = fX;Y gis a collection ofn data samples, wher¢ = fx;gl; andY = fyg.,. We
useDyain  to denote training set for trainin@ 4 to denote validation set for early stopping and
hyperparameter tuning, amdles; to denote test set for nal evaluation. Note that in this paper we
consider deep learning for supervised tabular prediction tasks: binary classi ¢atienf 0; 1g,
multiclass classi cationy = f1;:::;cg and regressiolY = R. The goal is to obtain an accurate
deep tabular modét (; ): X! Y trained onDqin -

Optimal Transport. Although Optimal Transport (OT) possesses a rich theoretical foundation, we
focus our discussion solely on OT for discrete probability distributions, please refer toé @eyr,
2017) for more details. Let us considerandq as twogdiscrete probabilitysdistributions over an
arbitrary spacé 2 RY_which can be expressed ps inzl a x, andq = j'“:l B y, . Inthis
casea2 "andb2 ™M, where " represents the probability simplex®f. The OT distance
betweerp andqis de ned as:

OT(p; g = T£n(|np;q)hT;C|; (1)
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whereh; i is the Frobenius dot-product a2 R" ;™ is the transport cost matrix constructed by

Cij 5 Dlstance(x ij) The transport probablllty matriX 2 R" ™, which satis es ( p;q) :=

fTj o, Ty = b, =1 Ti = &g, is learned by minimizingiT; C| Directly optimizing Eq. 1

often comes at the cost of heavy computational demands, and OT with entropic regularization is

introduced to allow the optimization at small computational cost in suf cient smoothness (Cuturi,
2013).

4 PrROPOSEDMETHOD: PTARL

Figure 1: The visualization of representations of deep network w/o and wRPRTwith varying model layer
depths.

4.1 MOTIVATION AND OVERALL PIPELINE

In the context of tabular data, the intrinsic heterogeneity presents a challenge for achieving satisfac-
tory performance using deep models. As shown in the rst sub gure of Fig. 1, the latent representa-
tions learned by the FT-Transformer (Gorishniy et al., 2021) (one of the SOTA deep tabular models)
on a binary classi cation dataset Adult (Kohavi et al., 1996) are entangled. To validate whether it is
caused by the limitation of model capacity, we gradually increase FT-Transformer's layer depths and
visualize the corresponding latent representation by T-SNE (Van der Maaten & Hinton, 2008). As
shown in the rst row of Fig. 1, with a sequential increase in the number of model layers, we could
observe theepresentation entanglemephenomenon has not be mitigated while gradually aug-
menting the model capacity. In addition, our empirical observations indicate that this phenomenon
also exists for other deep tabular models and we recognize that the representation entanglement is
the inherent limitation of deep models in tabular domain. Moreover, the learned representations
also lack global data structure information, which failed to model the shared information among
the data instances. Compared to other domains like CV and NLP, especially in the heterogeneous
tabular domain, samples overlook the statistical global structure information among the total dataset
would drop intorepresentation localizatiarFurthermore, recent researches (Gorishniy et al., 2021;
Shwartz-Ziv & Armon, 2022) show that different types of data may require varying types of deep
models (e.g. Transformer based and MLP based architecture).

To address the aforementioned limitations of deep models for the tabular domain, we apply proto-
type learning into tabular modeling and propose the prototype-based tabular representation learning
(PTARL) framework. Note that PARL, as a general representation learning framework, is model-
agnostic such that it can be coupled with any deep tabular nfiodgl) to learn better tabular data
representations in our rede nd®fototype-based Projection Spaaehich is the core of PARL. In

the following, we will elaborate on the speci ¢ learning procedure of ounRT in Section 4.2;

then, we will provide two constraints to further constraintfRL for representation calibration and
prototype independence in Section 4.3. As shown in the second row of Fig. 1, witRIBThe

latent space is calibrated to make the representation disentangled. Fig. 2 gives an overview of the
proposed PARL. Before the introduction of PARL, we rst present the formal de nition of the
prototype-based projection space as follows:
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