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Why Tabular Data Matters

• Tabular data is the most prevalent format in real-world ML applications

• Healthcare records, financial transactions, customer databases, …

• Many applications: fraud detection, predicting demand, credit scoring, …

• Large portion of ML model deployed in industry

• State of the art dominated by gradient boosted decision trees for many years

• XGBoost, LightGBM, CatBoost became the default choice

• Consistently outperformed neural approaches across benchmarks



Tabular prediction
• Input: a training data frame, a target column and a training 

time budget


• Output: a predictor able to give predictions given a test 
dataframe


• Metrics: 


• RMSE (regression), log-prob (classification)


• Prediction latency, memory, …

Figures from https://arxiv.org/pdf/2504.16109   

https://arxiv.org/pdf/2504.16109
https://arxiv.org/pdf/2504.16109


This talk
Menu du jour

• Entrée: introduction to Tabular PFNs


• Menu: EquiTabPFN, dealing with the lack of equivariance of PFNs


• Dessert: benchmarking tabular models



Tabular PFNs



Deep-Learning + Tabular = ❤?

• Many attempts to bring deep learning to tabular domains


• Typically transformer-based methods trained on single datasets


• TabTransformer, FT-Transformer, SAINT and others


• These approaches generally failed to outperform boosted trees 


• At best, matched performance of tree-based methods


• Required more computation and careful tuning


• No clear advantage to justify the added complexity


• Tabular Data: Deep Learning is Not All You Need [Shwartz-Ziv 2021]


• Why do tree-based models still outperform deep learning on tabular data? [Grinsztajn 2022]



TabPFN – A Paradigm Shift
• TabPFN marked a significant departure from previous approaches


• First foundational model for tabular data that works


• Key innovation: 


• 1. Train on synthetic data 

• Solve data scarcity => can fit model on 100s millions of synthetic datasets


• 2. Fit and predict in a single forward pass with In Context Learning (ICL)


• No iterative training loop at inference time


• Provide training data and test points as input → model outputs predictions directly


• Substantially outperforms boosted trees on small/medium datasets, even full blown AutoML systems 

• Challenge becomes designing the prior, not the algorithm (the name Priorlabs indicates this)



PFN – How Does It Work?

• Training happens on synthetic datasets, not real data:


• Sample tabular datasets 


• A transformer trained to predict the posterior predictive distribution directly:


• Estimate  with encoder-decoder architecture


• The distribution  is carefully engineered to resemble real-world tabular 
data


• Model learns Bayesian inference by observing millions of synthetic learning 
problems

(Xtrain, ytrain, Xtest, ytest) ∼ p(𝒟)

p(ytest |Xtest, Xtrain, ytrain)

p(𝒟)



Architecture
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Architecture
• Encode  with self-attention, 

decode  by attending on the 
contextualized tokens of 

Xtrain, ytrain
Xtest

Xtrain, ytrain

• Model is trained only up to a number of 
features and target dimension (with zero-
padding)

• Cannot perform inference on number of 
features/classes not seen!

TabPFN-v1 architecture
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The Prior – Structural Causal Models

• The prior  is the heart of what makes PFNs 
work


• TabPFN uses Structural Causal Models (SCMs) to 
generate synthetic data:


• SCM defines a directed acyclic graph


• Each variable is a function of its parents


• Nodes outputs are random MLPs


• Creates diverse synthetic datasets with realistic 
feature interactions

p(𝒟)



Results

• TabPFN-v1: decent results on a small 
number of datasets against toyish 
baselines 


• TabPFN-v2: outperforms other methods 
on small datasets (up to 10,000 samples)


• TabPFN-v2.5: outperforms SOTA AutoML 
system (at time of publication) on medium 
sized datasets

TabPFN-v2

TabPFN-v2.5
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You said PFN?
• Many followup works!

• Mothernet, Gamformer, TabForest, TabDPT, TabICL, 
ContextTab, Mitra, EquiTabPFN, …

• Some applications: 

• Time-series (TabPFN-TS Shi-Bin-Hoo 2025)

• Statistics (Zhang 2025)

• Causal discovery (Robertson 2025)

• Hyperparameter optimization  (Muller 2023) 

• …

• From Benchmarks to Problems - A Perspective on Problem 
Finding in AI (Kyunghyun Cho - NeurIPS invited talk 2025)

TabPFN-TS was the top method on gift-eval for 
several month outperforming foundational time-

series method 🤯 
Not the case anymore, also it was quite slow



EquiTabPFN, dealing with the 
lack of equivariance of PFNs



NeurIPS 2025



EquiTabPFN
Did you say equivariant?

• In tabular tasks, the ordering of target components is arbitrary


• Models should give identical predictions under any permutation of target!

Definition 
Denote  the predictions of a PFN on test features  given a 
training dataset . 
A PFN is target-equivariant if  for all permutations 

Y* = fX,Y(X*) X*
X, Y

σ(Y*) = fX,σ(Y)(X*) σ



Prediction instabilities

• Training sets with 9 examples, 
each own class, features in 


• Shows predictions of 



• Should be identical for different !

ℝ2

σ−1( fX,σ(Y)(X*))

σ

Predictions stable 
w.r.t. target class 

encoding

Entropy and 
probabilities smooth 

w.r.t. distance to 
features



Can you just train longer? Or just ensemble more?
No…

Equivariance error while training Equivariance error when ensembling

Would get to zero with 
 ensembles𝒪(m!)



The cost of not being equivariant

Proposition 
Under mild assumptions—convex, permutation-invariant loss ℓ and a target


permutations-invariant data distribution—the optimal solution to the PFN pre-


training objective is necessarily target equivariant.



Proposed Architecture
• Alternate attention over rows and target dimensions


• Equivariant to target permutations


• Handle any number of target


• Output obtained by weighting input labels by similarity

TabPFN-v2: alternate attention over rows / features Ours: alternate attention over rows / target dimensions


+ non parametric output, weighted by similarity



Enabling ICL on data with unseen class counts



Conclusion

• Handling target equivariance allows to:


• Obtain stable predictions with respect to target permutation


• Perform inference on any number of classes, not just the ones seen in training


• Future work:


• Handle multivariate regression


• Equivariance to feature symmetry 


• Single model for regression and classification


• Code available: https://github.com/MichaelArbel/EquiTabPFN/

x → 1 − x

https://github.com/MichaelArbel/EquiTabPFN/
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What is the best Tabular method?
Cost of benchmarking

• AutoML Benchmark [Ginsberg et al 2023] considered 71 classification and 33 
regression datasets

Evaluating a single 
method costs 40K CPU 

hours of compute! 

Can we limit this cost? 🤔



TabRepo

AutoML Conf 2023
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• Goals: 

• 1) reduce cost of evaluation

• 2) improve over the default hyperparameters of AutoGluon/AutoML systems

• Precomputed evaluations and results on:

• 200 datasets from regression, classification, multi-class (thanks OpenML 🥰)

• 200 random configurations of models used in AutoGluon (CatBoost, MLP, LightGBM, 
RandomForest, …) on all datasets with 3 seeds

• Performance metrics (latency, accuracy, …) and predictions available for every dataset, model, seed

• ~100GB of data, ~200K CPU hours of compute

💡 Storing predictions and target labels allows to 
obtain the performance of any ensemble on the fly!

🥳  The dataset combined with portfolio learning 
allows to outperform Autogluon!

AutoML Conf 2023
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TabRepo
Studying the effect of HPO and ensembling

💡 Storing predictions and target labels allows to 
obtain the performance of any ensemble on the fly!

Doing this analysis just costs a few minutes on a laptop 
(as opposed to days on a cluster!)

Tuning hyperparameters helps a lot but it is 
not done in AutoGluon because of cost.  

Can transfer learning help?
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Select among all possible sets of k models Benefits 👍:


• Approximation guarantees from the 
original (sub-modular) problem


• Tractable

• Works extremely well in practice

Start by the model performing 
best on average

Disadvantage 👎: needs a grid or a 
surrogate

Greedily pick the model performing best on average 
when combined with the ones previously selected
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Limitations

• Easy to rerun paper analysis but hard to compare your own method

• Large collections of datasets (216) but mostly grabbed everything we could 

• No good control on quality, duplication, domain

• Only TabPFN-v1 as In Context Learning (ICL) method
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Faulty data influences the results:
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Motivation Summary

Benchmarks require  
continuous updates! 

Erickson, Nick, et al. "TabArena: A Living Benchmark for Machine Learning on 
Tabular Data." (2025).

(Partial) Overview of Tabular Benchmarks

One more benchmark should fix it! 

No! 
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Models, Hyperparameters, and Tuning

1. SOTA tree-based, 
neural networks, 
and foundation 
models. 

2. Implemented with 
authors 

3. Good, optimized 
search spaces
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Models, Hyperparameters, and Tuning

Peak Performance by:
• Proper (inner) cross-validation 

to avoid overfitting

• Model-wise post-hoc 
ensembling (Caruana et al.)

• Extensive HPO (200 configs, 1 
hour per config)



Datasets

 TabArena-v0.1



Datasets Curation

Results of our manual curation: 51 out of 1053



Datasets Curation

Unique datasets
• Many surprising duplicates (e.g., AutoML competition datasets) 
• Very similar tasks (e.g., 5 datasets from one paper, same features different targets)



Datasets Curation

Tabular Domain Task
• Many datasets that treat images as tables (often very outdated) 
• Often, only the original source described the data



Datasets Curation

• Scientific discovery (why/how questions) vs. predictive task 
• Real-world data: not deterministic, not artificial, not simulated

Predictive ML Task



Datasets Curation

• Many tiny (often old) datasets 
• Datasets with preprocessing errors (PCA data leakage), missing source information, and target leakage

Other



Datasets Curation

• Tasks that require non-random splits 
• Temporal-dependent features / grouped data (e.g., algorithm selection) 
• Many borderline cases

IID Tabular Data
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Check for yourself and verify our curation: 
https://tabarena.ai/dataset-curation 
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Datasets Curation

Check for yourself and verify our curation: 
https://tabarena.ai/dataset-curation 

Smaller is better! 
Sometimes at least…

https://tabarena.ai/dataset-curation
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Compared to Prior Benchmarks



Evaluations

 TabArena-v0.1



Evaluation Design

1. Repeat experiments per dataset:  
• 30 times for data with less than 2500 samples (10-repeated 3-fold cv) 
• 9 times for all other data (3-repeated 3-fold cv) 

2. Using the Elo rating system 
• pairwise model comparison 
• 400-point Elo Gap corresponds to a 10 to 1 (91%) win rate 

3. Robust metrics appropriate for benchmarking 
• Binary: ROC AUC 
• Multiclass: Log Loss 
• Regression: RMSE 

4. Realistic reference pipeline for practitioners 
• A pipeline practitioners can easily use  
• SOTA AutoML, AutoGluon trained for 4 hours 

5. Store and share extensive metadata 
• such as: validation predictions (per-fold), test predictions, training time, inference time, 

precomputed results on various metrics, hyperparameters – “TabRepo 2.0” 



Evaluation Design
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Additional Results: Ensembling

SOTA model-agnostic ensembles! 

• Fully simulated ✨ AutoML system 
(AutoGluon-like) 

• Significantly better, even with 4 hours 
instead of 200 configs  

• The real research goal; GBDT vs. Deep 
learning is “just” framing



Hugging Face Leaderboard: https://tabarena.ai/ 

https://tabarena.ai/


Living Benchmark: First Steps



Using all our models – or with the next version of AutoGluon :)

https://tabarena.ai/code-examples  

https://tabarena.ai/code-examples
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Cheaper Evaluation For Papers: TabArena Lite

Only one repeat: 816  fewer jobs×

Benchmarking TabFlex 
with TabArena Lite 

takes about 20 minutes



Takeaways 

CatBoost shines. Deep learning with ensembling dominates. 
Promising future for foundation models! 

SOTA  
with Ensembling 📈

TabArena will be updated and  
support more (non-IID) data, models, and tasks.

Living  
benchmark baby!

TabArena is a truly representative benchmark for  
machine learning on small- to medium sized IID tabular data.Benchmarks ❤ 



Thank you, any questions?

Leaderboard: https://tabarena.ai 
Paper: https://arxiv.org/abs/2506.16791  
Code: https://tabarena.ai/code
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• TabPFN-TS 

• Paper: https://arxiv.org/abs/
2501.02945


• Code: https://github.com/
PriorLabs/tabpfn-time-series


• TabArena 

• Leaderboard: https://tabarena.ai


• Paper: https://arxiv.org/abs/
2506.16791 


• Code: https://tabarena.ai/code

Thank you, any questions?

• EquiTabPFN 

• Paper: https://neurips.cc/virtual/
2025/poster/118521


• Code: https://github.com/
MichaelArbel/EquiTabPFN


• TabRepo 

• Paper: https://proceedings.mlr.press/
v256/salinas24a.html


• Code: https://github.com/autogluon/
tabrepo

https://tabarena.ai
https://neurips.cc/virtual/2025/poster/118521
https://neurips.cc/virtual/2025/poster/118521
https://neurips.cc/virtual/2025/poster/118521
https://github.com/MichaelArbel/EquiTabPFN
https://github.com/MichaelArbel/EquiTabPFN
https://github.com/autogluon/tabrepo
https://github.com/autogluon/tabrepo
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