
CT-BERT: Learning Better Tabular Representations 
Through Cross-Table Pre-training



Background

• Traditional pre-training 
methods for tabular data 
are often limited to a 
single table or within a 
fixed-format architecture.

• How to extract common 
feature representations 
from multiple tabular data 
through cross-table pre-
training has become an 
important research issue.



Challenges

heterogeneity

permutation invariance

Lack of apparent context 
or spatial structure



Methods — Overall Architecture

Dealing with Heterogeneity



Methods — Dealing With Permutation Invariance

for NLP: cat loves Tom Tom loves cat

for Tabular Learning:

Due to the shared parameters, each feature column is treated 
equally and the model does not have a preference for columns 
in a particular position, thus maintaining the invariance of the 
arrangement of feature columns.



Methods — Randomly Subsampled Supervised Contrastive Learning



Methods — Self-supervised MTM

Step 1:Mask features

generate a binary mask vector:

0 -> original feature  |  1 -> masked feature

Step 2:Replace masked features

mask token +
head embedding

Step 3:Reconstruct masked features

Transformer Encoder

encoded
representations

predicted
embeddings



Experiments

Dataset Setup:
1000 labeled datasets

1000 unlabeled datasets
Large-scale cross-table pre-training dataset
(TabPretNet)

15 common  and high-quality tabular
datasets from OpenML-CC18

Downstream tabular tasks dataset

Baselines:

Shallow baselines: Logistic Regression, XGBoost, LightGBM
Neural network-based baselines: MLP, TransTab, TabNet, eg.

Metrics:

We use AUC as the main evaluation metric and improve on it using 5-fold cross-validation as the final result.



Experiments

Overall Performance



Experiments

Few-shot 5-fold AUC (%) on 6 datasets from the  OpenML-CC18

In the case of few samples, 
cross-table pre-training 
can significantly improve 
model performance. As the 
number of samples 
increases, the performance 
improvement gradually 
decreases.



Experiments

Ablation studies of different pooling strategies (mean  AUC %)

1. In tabular data, feature-level modeling is significantly better than token-level modeling
2. Average pooling gives the best results

Conclusion:



Thanks


