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Tabular Data

다양한분야에서사용되는가장일반적인데이터유형

데이터포인트를나타내는Row와속성이나변수를나타내는Column 으로구성

정보를체계적이고직관적인방식으로구성하므로데이터관리에용이

Introduction
Background

Superhero Real Name Power Level Home Planet Weapon Member Since

Spider-Man Peter Parker 85 Earth Web-shooters 1962

Iron Man Tony Stark 88 Earth Powered Armor 1963

Hulk Bruce Banner 90 Earth Super Strength 1962

Thor Thor Odinson 95 Asgard Mjolnir 1962

Rows 
Observations

Columns 
Attributes for those observations

Tabular Data
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Introduction
Background

Superhero Real Name Power Level Home Planet Weapon Member Since

Spider-Man Peter Parker 85 Earth Web-shooters 1962

Iron Man Tony Stark 88 Earth Powered Armor 1963

Hulk Bruce  Banner 90 Earth Super Strength 1962

Thor Thor Odinson 95 Asgard 1962

Why is it hard to model deep learning methods to tabular data?

정형데이터의분석은주로트리기반모델들의앙상블모델들이사용됨

정형데이터에서는비정형데이터에서높은성능을보이는deep learning 에비해여전히전통적통계기반의방법론들이우세

Deep learning은Input 데이터의 locality&spatial dependency 에집중하여발전

→ Tabular data 에서는위의특성들을고려하기어려움
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Introduction
Background

Why is it hard to model deep learning methods to tabular data?

Heterogeneous features : 개별변수간형태적다양성

Small sample size : 학습에부족한작은사이즈의데이터

Extreme value :  결측치, 범주형변수들, outlier 등데이터의값들이stable 하지않음

Superhero Real Name Power Level Home Planet Weapon Member Since

Spider-Man Peter Parker 85 Web-shooters 1962

Iron Man 88 Earth Powered Armor 1963

Hulk Bruce Banner 90 Earth Super Strength 1962

Thor Thor Odinson 95 Asgard Mjolnir

… … … … … …

Black Widow Natasha Romanoff Earth Combat Skills 1964

80  Rows 
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Introduction

Self-Supervised Learning for Tabular Data

Unlabeled 데이터에대한접근성이확대됨에따라Self-supervised Learning( SSL)의필요성과역할이중요

기존SSL은text, image, audio 등다양한도메인에서의확장성증명

Tabular 데이터에서표현학습을위해크게3가지접근으로분류가능

[1] Wang, W. Y., Du, W. W., Xu, D., Wang, W., & Peng, W. C. (2024). A Survey on Self-Supervised Learning for Non-Sequential Tabular Data. arXiv preprint arXiv:2402.01204.

Self-Supervised Learning for Tabular Data

Self-Supervised Learning
for Tabular Data

Predictive Learning
다양한 예측과제를 통해 모델이 데이터로부터 배경 지식을

학습하게 하여downstream 성능 향상 
Vime, TabNet,

STUNT, SwitchTab

Contrastive Learning
대조학습을 통해 instance 간의  유사성과 차이를 학습시켜

Task-agnostic 한 학습 목표 
SCARF, STab, 

TransTab, PTaRL

Hybrid Learning
위의 두 학습을 결합하여 통합된 학습 지향

두 방식의  장점을 모두 가짐 
SubTab, SAINT,
DoRA, CT-BERT
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Predictive Learning Approach

가장넓게사용되는접근방식으로, downstream 이전에predictive task설게

모델이 주어진predictive task를수행하며데이터로부터표현벡터학습

Upstream 데이터와downstream 데이터의관계를고려하여효과적인predictive task 고안이중요

Learningfrom masked features & perturbation in latent space

Predictive Learning

Predictions

Trained Classifier

Color

Hair

Eyes

Pose

Outfit

Predictive Task
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Predictive Learning
Learning from Masked Features

[2] Yoon, J., Zhang, Y., Jordon, J., & Van der Schaar, M. (2020). Vime: Extending the success of self-and semi-supervised learning to tabular domain. Advances in Neural Information Processing Systems, 33, 11033-11043.

VIME: Extending the Success of Self-and Semi-supervised Learning to Tabular Domain 

Masked Autoencoder를기반으로데이터의무작위마스킹을복구하며모델최적화

Mask vector estimator :masked특성식별

Feature vector estimator : 관련된 non-masked 특성으로부터masked 특성추정

Reconstruction loss & masked vector estimation loss 를통해표현벡터학습
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STUNT: Few-shot Tabular Learning with Self-generated Tasks from Unlabeled Tables (ICLR,2023)

Tabular 데이터의heterogeneous features 에서일반화가능한특성을학습하기위해self-generated tasks 메타학습진행

표의 column 특성을유용한target으로취급하여unlabeled tabular 데이터로부터다양한setof tasks 생성

Predictive Learning
Perturbation in latent space 

[3] Nam, J., Tack, J., Lee, K., Lee, H., & Shin, J. (2023). Stunt: Few-shot tabular learning with self-generated tasks from unlabeled tables. arXiv preprint arXiv:2303.00918.
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STUNT: Self-generated Tasks from Unlabeled Tables 

Step 1 :  Unlabeledtabular 데이터에서다양한과제자체생성

Step 2 : 생성된과제에대해메타학습수행을통해 일반화된분류기𝑓학습

Step 3:  Labeled 데이터를사용하여분류기𝑓적응

Predictive Learning
STUNT: Few-shot Tabular Learning with Self-generated Tasks from Unlabeled Tables

https://arxiv.org/pdf/1703.05175.pdf
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Predictive Learning
STUNT: Few-shot Tabular Learning with Self-generated Tasks from Unlabeled Tables

[3] Nam, J., Tack, J., Lee, K., Lee, H., & Shin, J. (2023). Stunt: Few-shot tabular learning with self-generated tasks from unlabeled tables. arXiv preprint arXiv:2303.00918.

Step 1 :  Taskgeneration from unlabeled tables

무작위로선택된columns에대해k-mean clustering을통해pseudo-label 생성

다양성을향상시키고원래label과높은상관관계를가지는column 을sampling 할가능성증가

Uniform distribution 𝑈 𝑟1,𝑟2 에서masking 비율𝑝샘플링

→Random binary mask 𝑚= 𝑚1,𝑚2,…,𝑚𝑑
𝑇 ∈ 0,1 𝑑 생성

→Generated task from STUNT 𝜏𝑆𝑇𝑈𝑁𝑇 ≔ ǁ𝑥𝑢,𝑖, ǁ𝑦𝑢,𝑖 𝑖=1

𝑁𝑢
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Step 2 :  Meta-learning with STUNT

생성된task를바탕으로ProtoNet을활용하여네트워크의메타학습제안

ProtoNet은 각class샘플의평균embedding vector 까지의거리계산을통해분류를수행할수있는embedding space 학습

Class number flexibility, model and data agnosticism, simplicity with superior performance

Predictive Learning
STUNT: Few-shot Tabular Learning with Self-generated Tasks from Unlabeled Tables

ProtoNet

Embedding space + k-means for meta-learning

https://arxiv.org/pdf/1703.05175.pdf

𝑝 ǁ𝑐 =
1

|𝑆 ǁ𝑐|


( 𝑥𝑢, 𝑦𝑢)∈𝑆𝑐

𝑧𝜃( 𝑥𝑢)

𝑓𝜃 𝑦 = ǁ𝑐 𝑥; 𝑆 =
exp(−∥ 𝑧𝜃 𝑥 − 𝑝 ǁ𝑐 ∥2)

σ ҧ𝑐′ exp(−∥ 𝑧𝜃 − 𝑝 ҧ𝑐′ ∥2)
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Experiments 

Few-shotclassification을위해 각class 별로1개, 5개의labeled samples 가가능하도록설정

kNN과unsupervised meta-learning 방법을제외하고100개의추가labeled samples사용하여hyperparameter 탐색

Labeled validation set 없이 few-shot tabular 분류성능을크게향상

Predictive Learning
STUNT: Few-shot Tabular Learning with Self-generated Tasks from Unlabeled Tables

[3] Nam, J., Tack, J., Lee, K., Lee, H., & Shin, J. (2023). Stunt: Few-shot tabular learning with self-generated tasks from unlabeled tables. arXiv preprint arXiv:2303.00918.

1 Shot Performance Evaluation 5 Shot Performance Evaluation 
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Experiments

10 shot 상황에서도성능검증

Pseudo-validation acc 와1-shot test acc 가양의상관관계를가짐을확인

과적합문제완화&다양한데이터셋에서최적의훈련단계를알수없는상황에서도모델의조기중단시점을합리적으로결정가능

Predictive Learning
STUNT: Few-shot Tabular Learning with Self-generated Tasks from Unlabeled Tables

10 Shot Performance Evaluation 

Early stopping performance with the pseudo-validation set

[3] Nam, J., Tack, J., Lee, K., Lee, H., & Shin, J. (2023). Stunt: Few-shot tabular learning with self-generated tasks from unlabeled tables. arXiv preprint arXiv:2303.00918.
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Contrastive Learning Approach 

같은input 에대해서다른views, corruptions 를통해robust 표현벡터학습

유사한 instance 간의유사성을극대화하고유사하지않은instance 들은멀리위치하도록학습

ℒ𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 =𝜙(𝑒 𝑥𝑖 ,𝑒 Ƹ𝑥𝑖 )

Contrastive Learning

𝒙𝒊

𝒆(𝒙𝒊)

𝒆(ො𝒙𝒊)
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SCARF: Self-Supervised Contrastive Learning using Random Feature Corruption

MLP기반framework로, contrastive learning pre-training & supervised fine-tuning 두단계로구성

주어진 input에대해 무작위부분집합만큼손상되고해당특성들의주변분포에서무작위view 로대체

InfoNCEloss function을활용하여 sample 과해당sample 의변형은가까워지도록, 다른sample 의변형은멀어지도록대조학습진행

Contrastive Learning

[4] Bahri, D., Jiang, H., Tay, Y., & Metzler, D. (2021). Scarf: Self-supervised contrastive learning using random feature corruption. arXiv preprint arXiv:2106.15147.
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TransTab: Learning Transferable Tabular Transformers Across Tables (NeurIPS, 2022)

Transfer learning, feature incremental learning, zero-shot inference 를위한 다양한 열의맥락을학습하는데목표

Transferable Transformers for Tabular analysis (TransTab)을도입하여 고정된테이블구조를완화하는방법론제안

Contrastive Learning

[5] Wang, Z., & Sun, J. (2022). Transtab: Learning transferable tabular transformers across tables. Advances in Neural Information Processing Systems, 35, 2902-2915.
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Key Components of TransTab

Input processor : tabular input을 token-level embedding 변환

Gatedtransformer : 스택된gated transformer 층을통한token-level embedding의추가인코딩

Learningmodule : labeled 데이터에대한classifier와contrastivelearning을위한projector포함

Contrastive Learning
TransTab: Transferable Transformers for Tabular analysis

[5] Wang, Z., & Sun, J. (2022). Transtab: Learning transferable tabular transformers across tables. Advances in Neural Information Processing Systems, 35, 2902-2915.
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Input Processor forColumns and Cells

Variable-column tables 수용&  데이터간지식유지를위해input processor 구축

각column의cell (데이터)을의미론적으로인코딩된토큰의시퀀스로변환

ex) ‘Weight’ column의경우값이60일때, 60 years old가아닌60kg 의미

→  열이름을모델링에포함시켜총4가지타입categorical/ text (cat) & binary (bin) & numerical 처리

Contrastive Learning
TransTab: Transferable Transformers for Tabular analysis

[5] Wang, Z., & Sun, J. (2022). Transtab: Learning transferable tabular transformers across tables. Advances in Neural Information Processing Systems, 35, 2902-2915.
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Gated Transformers 

Self-attention layer & feedforward layer로구성된NLP의classicaltransformer 적용

Features 간의상호작용탐색을위해𝑙𝑡ℎ input representation 𝑍𝑙 먼저선택

𝑍𝑙
𝑎𝑡𝑡는token-wise gating layer에의해추가로변환, 𝑍𝑙+1을얻기위해 linear output 변환

Token에대한attention을재분배함으로써중요한features에집중하도록학습

Contrastive Learning
TransTab: Transferable Transformers for Tabular analysis

[5] Wang, Z., & Sun, J. (2022). Transtab: Learning transferable tabular transformers across tables. Advances in Neural Information Processing Systems, 35, 2902-2915.

𝑍𝑎𝑡𝑡
𝑙 =MultiHeadAttn Z𝑙 = ℎ𝑒𝑎𝑑1,ℎ𝑒𝑎𝑑2,…,ℎ𝑒𝑎𝑑ℎ 𝑊

𝑜,

ℎ𝑒𝑎𝑑𝑖 =Attention 𝑍𝑙𝑊𝑖
𝑄
,𝑍𝑙𝑊𝑖

𝐾,𝑍𝑙𝑊𝑖
𝑉 ,

𝑍𝑙+1=Linear( 𝑔𝑙⨀𝑍𝑎𝑡𝑡
𝑙 ⨁Linear 𝑍𝑎𝑡𝑡

𝑙 )
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Self-supervised and supervised pretraining of TransTab

대부분의tabular SSL 방법론은고정된column 전체에서작동하여높은계산비용& 과적합위험

TransTab에서는view-invariant factors를학습하기위해tabular 수직분할사용하여positive, negative samples 구성

Columns의부분집합을선택하여 동일한sample의partition을positive, 다른sample의partition을negative 로설정

Contrastive Learning
TransTab: Transferable Transformers for Tabular analysis

[5] Wang, Z., & Sun, J. (2022). Transtab: Learning transferable tabular transformers across tables. Advances in Neural Information Processing Systems, 35, 2902-2915.

ℓ 𝐾 =−

𝑖=1

𝐵



𝑘=1

𝐾



𝑘′≠𝑘

𝐾

𝑙𝑜𝑔
exp𝜓(𝑣𝑖

𝑘,𝑣𝑖
𝑘′)

σ𝑗=1
𝐵 σ

𝑘†=1
𝐾 exp𝜓(𝑣𝑖

𝑘,𝑣𝑗
𝑘†)

,

Loss function of  Self-VPCL

사전학습데이터에labeled 가있는경우에사용하는

Supervised Contrastive Learning 같이제안
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MambaTab: A Simple Yet Effective Approach for Handling Tabular Data (arXiv, 2024)

구조화된state-space model (SSM)을기반으로tabular 데이터에적합한방법론제안

Table의end-to-end 지도학습방식인SSM 모델의변형인Mamba활용

MambaTab

[6] Ahamed, M. A., & Cheng, Q. (2024). MambaTab: A Simple Yet Effective Approach for Handling Tabular Data. arXiv preprint arXiv:2401.08867.
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MambaTab: A Simple Yet Effective Approach for Handling Tabular Data

Datapreprocessing & Embedding representation learning

Cascading Mamba blocks

Output prediction 

MambaTab

[6] Ahamed, M. A., & Cheng, Q. (2024). MambaTab: A Simple Yet Effective Approach for Handling Tabular Data. arXiv preprint arXiv:2401.08867.
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Data preprocessing & Embedding representation learning

TransTab과달리column의유형을수동으로식별하지않고데이터전처리과정간소화& 자동화

범주형feature의순서를강제하는대신, feature의직접적인multi-dimensional features 학습함으로써더유연한학습가능

Incrementallearning을통해하류Mamba block이동일한입력특성차원을갖도록보장

고정된 feature set에대해구애받지않고점진적으로추가되는특성을학습하여가중치를전달

MambaTab

[6] Ahamed, M. A., & Cheng, Q. (2024). MambaTab: A Simple Yet Effective Approach for Handling Tabular Data. arXiv preprint arXiv:2401.08867.
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MambaTab

Cascading Mamba blocks

계층정규화와ReLU활성화함수를거친embedded representation의처리담당

Feature의배치, 길이, 차원매핑을통해정보전달목표

SSM (State Space Model)의적용으로인해입력token sequence에따른의존적추론가능성제공

[6] Ahamed, M. A., & Cheng, Q. (2024). MambaTab: A Simple Yet Effective Approach for Handling Tabular Data. arXiv preprint arXiv:2401.08867.
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Experiments

지도학습에서hyperparameter tuning 후에는모든dataset에대해최고성능달성

Dataset의feature 집합을3개의non-overlapping subset으로나눈후각set에대해incremental learning 진행

TransTab, MambaTab만incremental learning / 다른모델들은한 set에대해서만학습가능

Hyperparameter tuning 을통해성능향상가능

MambaTab

[6] Ahamed, M. A., & Cheng, Q. (2024). MambaTab: A Simple Yet Effective Approach for Handling Tabular Data. arXiv preprint arXiv:2401.08867.

Vanilla Supervised Learning Feature Incremental Learning



5. Conclusion
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PredictiveLearning

모델이주어진predictive task를수행하며upstream 데이터에서표현벡터학습

VIME : mask vector estimator –feature vector estimator / STUNT : self-generated task

Contrastive Learning

동일한 instance에대해다양한관점과변형을통해강건한표현벡터를학습

SCARF:  corruption & InfoNCE/ TransTab: self-supervised vertical-partition

MambaTab

Manual data preprocessing 필요없음

Transformer-based방법론들에비해적은memory 사용

Efficiency & scalability & generalizability 

Conclusions
What is Next for Tabular Data?
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