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I Transformer-Based Bayesian Inference for Tabular Data

% Transformer Can Do Bayesian Inference
« ICLR 2022 A&, 25F 74 7|& 2243| 21&

Published as a conference paper at ICLR 2022
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ABSTRACT

Currently, it is hard to reap the benefits of deep learning for Bayesian methods,
which allow the explicit specification of prior knowledge and accurately cap-
ture model uncertainty. We present Prior-Data Fitted Networks (PFNs). PFNs
leverage in-context learning in large-scale machine learning technigues to ap-
proximate a large set of posteriors. The only requirement for PFNs to work is
the ability to sample from a prior distribution over supervised learning tasks (or
functions). Our method restates the objective of posterior approximation as a
supervised classification problem with a set-valued input: it repeatedly draws
a task (or function) from the prior, draws a set of data points and their labels
from it, masks one of the labels and learns to make probabilistic predictions for
it based on the set-valued input of the rest of the data points. Presented with a
set of samples from a new supervised learning task as input, PFNs make proba-
bilistic predictions for arbitrary other data points in a single forward propagation.
having learned to approximate Bayesian inference. We demonstrate that PFNs
can near-perfectly mimic Gaussian processes and also enable efficient Bayesian
inference for intractable problems, with over 200-fold speedups in multiple setups
compared to current methods. We obtain strong results in very diverse areas such
as Gaussian process regression, Bayesian neural networks, classification for small
tabular data sets, and few-shot image classification, demonstrating the general-
ity of PFNs. Code and trained PFNs are released at https: //github.com/
automl /TransformersCanDoBayesianInference.
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- Introduction

Tabular Data

 Tabular Data
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- Background

Universal Approximation Theorem

Universal Approximation Theorem
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- Background

No Free Lunch Theorem
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- Background

Prior Knowledge
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- Background

Bayesian Theorem

MU A7) L0 &5 P(A) / Ard B7t 2012 && : P(B)

U AP A7} Qojch NEOIM MZA 57 LOfL 818 : P(4B) = 2o

AR B 7} 01t MEfOIN AL A7} Q0fit B8 : P(BlA) = 220

P(AN B) = P(A|B)- P(B) = P(B|A)- P(A)

P(B|A)- P(A)

P(A|B) = P(B)

Q.. Data Mining
ob Quality Analytics




- Background

Frequentism vs Bayesianism
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- Background
Frequentism vs Bayesianism
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- Background

Bayesian Theorem
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- Background

Bayesian Theorem
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- Background

Bayesian Theorem
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- Background

Bayesian Theorem
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- Background

Bayesian Theorem

O|ZA =&hotd! 02 YA 2| Bayesian == ol{OFotLt?

M 1. 0|2 EtLM (Theoretical Soundness)

A 28 p(t) 7h &4| C|OJE] Y 2PYS HMEs| ttEY 42, HOIX|et =2

HO|X[Ot F22 StE2 Soff =AM LR 712 HEH(Consistent)$t Bt

0
FIO

Q.. Data Mining
ob Quality Analytics



- Background

Bayesian Theorem
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- Background

Bayesian Theorem
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- Background

Bayesian Theorem
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- Background

Bayesian Theorem
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- Prior-Data Fitted Network
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- Prior-Data Fitted Network
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- Prior-Data Fitted Network
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- Prior-Data Fitted Network
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- Prior-Data Fitted Network

* PFN (Prior-Data Fitted Network)2| st& & &2 11
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- Prior-Data Fitted Network
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- Prior-Data Fitted Network
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- Prior-Data Fitted Network
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- Experiments
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TABPFN: A TRANSFORMER THAT SOLVES SMALL
TABULAR CLASSIFICATION PROBLEMS IN A SECOND

Noah Hollmann*-'-?> Samuel Miiller*-! Katharina Eggensperger' Frank Hutter'

! University of Freiburg, 2 Charité University Medicine Berlin

3 Bosch Center for Artificial Intelligence * Equal contribution.

Correspondence to noah.hollmann@charite.de & muellesa@es.uni-freiburg.de

ABSTRACT

We present TabPFN, a trained Transformer that can do supervised classification
for small tabular datasets in less than a second, needs no hyperparameter tuning
and is competitive with state-of-the-art classification methods. TabPFN performs
in-context learning (ICL), it learns to make predictions using sequences of labeled
examples (x, f(x)) given in the input, without requiring further parameter updates.
TabPFEN is fully entailed in the weights of our network, which accepts training and
test samples as a set-valued input and yields predictions for the entire test set in a
single forward pass. TabPFN is a Prior-Data Fitted Network (PFN) and is trained
offline once, to approximate Bayesian inference on synthetic datasets drawn from
our prior. This prior incorporates ideas from causal reasoning: It entails a large
space of structural causal models with a preference for simple structures. On the
18 datasets in the OpenML-CC18 suite that contain up to 1 000 training data points,
up to 100 purely numerical features without missing values, and up to 10 classes,
we show that our method clearly outperforms boosted trees and performs on par
with complex state-of-the-art AutoML systems with up to 230x speedup. This
increases to a 5 700 speedup when using a GPU. We also validate these results
on an additional 67 small numerical datasets from OpenML. We provide all our
code, the trained TabPFEN, an interactive browser demo and a Colab notebook at
https://github.com/automl/TabPFN.
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- Background

The Posterior Predictive Distribution for Supervised Learning

p(y | z,D) / p(y | 2,8)p(D | ¢) p(¢) d

i

/(I) HH scm 74 B2 \ /Dataset \

¢, :y = 2x + noise Dataset by ¢4

¢, : y = sin(x) + noise ——»| Dataset by ¢,

¢3:y = ReLU(x) + noise Dataset by ¢;

\ G1~ P, PO B = Prior/ \ /

Q.. Data Mining
ob Quality Analytics



- Background

Synthetic Prior-Fitting
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- Background

Real-World Inference
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52 7|Z PFN (2022) TabPFN (2023)
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Class distribution Balanced Imbalanced® 7S
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Prior BNN based BNN + SCM 7|&t
7| PFN - ME302 1% 217} 52 AJ0|of £7F Latent =ES0| ZXfoHs ULHEO! BNN

TabPFN
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Figure 2: Overview of graphs generating data in our prior. Inputs x are mapped to the output y
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(a) Synthetic datasets (b) Actual datasets
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- Decision boundaries on toy datasets
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I Transformer-Based Bayesian Inference for Tabular Data

< Accurate predictions on small data with a tabular foundation model
* Nature 2025 A|IXH, 263 7€ 7|= 1383%] Q18
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htips://doi.org/10.1038/s41586-024-08328-6  Noah Hollmann**"*, Samuel Miiller'"™, Lennart Purucker', Arjun Krishnakumar',
3 Max Kdrfer', Shi Bin Hoo', Robin Tibor Schirrmeister®* & Frank Hutter 4™
Received: 17 May 2024

Accepted: 31 October 2024
Published online: 8 January 2025

Tabular data, spreadsheets organized in rows and columns, are ubiquitous across
scientific fields, from biomedicine to particle physics to economics and climate
science'”. The fundamental prediction task of filling in missing values of alabel

¥ |Check for updates column based on the rest of the columns is essential for various applications as
diverse as biomedical risk models, drug discovery and materials science. Although
deep learning has revolutionized learning from raw data and led to numerous
high-profile success stories”*, gradient-boosted decision trees® * have dominated
tabular data for the past 20 years. Here we present the Tabular Prior-data Fitted
Network (TabPFN), a tabular foundation model that outperforms all previous
methods on datasets with up to 10,000 samples by awide margin, using substantially
less training time. In 2.8 s, TabPFN outperforms an ensemble of the strongest
baselines tuned for 4 hina classification setting. As a generative transformer-based
foundation model, this model also allows fine-tuning, data generation, density
estimationand learning reusable embeddings. TabPFN is a learning algorithm that is
itselflearned across millions of synthetic datasets, demonstrating the power of this
approach for algorithm development. By improving modelling abilities across diverse
fields, TabPFN has the potential to accelerate scientific discovery and enhance
importantdecision-making in various domains.
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Qualitative analysis
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Quantitative analysis
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< Transformers Can Do Bayesian Inference
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Prior Labs

Prior Labs

Home

Getting Started
Installation
Intended Use

APl Usage Guide

Tutorials
Classification
Regression
Unsupervised

Time Series

Code Reference
Tabpfn
Tabpfn client

Tabpfn extensions

https://priorlabs.ai/docs/

GitHub
wak %3m0

Jobs Business (¥) & B

PriorLabs is building breakthrough foundation models that understand spreadsheets and databases. While foundation models have

transformed text and images, tabular data has remained largely untouched. We're tackling this opportunity with technology that could

revolutionize how we approach scientific discovery, medical research, financial modeling, and business intelligence.

TabPFN Integrations
& APIClient
The fastest way to get started with TabPFN. Access our models

through the cloud without requiring local GPU resources.

> TabPFN Client

¢ Python Package

Local installation for research and privacy sesitive use cases with
GPU support and scikit-learn compatible interface.

> TabPFN Local

i User Interface

Visual interface for no-code interaction with TabPFN. Perfect for
quick experimentation and visualization.

> Access GUI

@@ R Integration

Bringing TabPFN's capabilities to the R ecosystem for data
scientists and researchers. We have an experimental R package
and an alternative tutorial on usage in R. Contributions

welcome!
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