
TabPFN

1 / 35



Outline

• Background

• TabPFN

• Results

2 / 35



Outline

• Background

• TabPFN

• Results

3 / 35



Prediction

Given observed data D = {(xi, yi)}ni=1 and new covariates xn+1,

predict the response yn+1.
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Tabular data

x1 x2 · · · xd y

1 2.1 0 · · · 1.7 4.5

2 0.8 1 · · · 0.4 2.1

...
...

...
...

...

n 1.4 1 · · · 2.3 3.8
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Linear regression
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y
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Tree-based methods
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Tree-based methods

ŷn+1 =
1

|T |
∑
T∈T

ŷT (xn+1)
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Tree-based methods

Single tree

x1

x2

Tree ensemble
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Deep learning

Neural network

x1

x2

xd

ŷ

fθ(x)

Train the weights

θ

L

min
θ

1
n

n∑
i=1

ℓ(fθ(xi), yi)

θ ← θ − η∇θL(θ)
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A brief history

1800 1980 1990 2000 2010 2020

· · ·

OLS Ridge Lasso

CART Random forests XGBoost

MLPs ImageNet

linear models tree methods neural networks
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Bayesian analogues

Model class Bayesian analogue Parameters

Linear regression Bayesian linear regression β, σ2

Lasso Horseshoe, Spike & slab β, σ2, shrinkage

Tree ensembles BART trees, leaf values

Neural nets Bayesian neural nets network weights
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State of the art

Despite success of neural nets in other areas (image, text),
tree-based methods remain state of the art for tabular data
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State of the art

Why do trees still win on tabular data?

• Neural nets require large sample sizes (often > 10,000)

• Heterogeneity between tabular datasets

• Heterogeneity within tabular datasets (categorical, numeric, etc.)

• Trees more robust to, e.g., uniformative features, missing data

• Gap persists after extensive hyperparameter search
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TabPFN: A tabular foundation model

Classical modeling : Fit new model for each new dataset

Foundation model : Pre-train on a ton of different data, then deploy
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TabPFN: A tabular foundation model

text

LLM prompt response

tabular data

TabPFN D, xn+1 ŷn+1

D = {(xi, yi)}n
i=1
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Posterior predictive distribution

TabPFN targets the posterior predictive distribution

p(y | x, D)

where D = {(xi, yi)}ni=1 and (x, y) a new point from same population
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TabPFN targets the posterior predictive distribution

p(y | x, D)

where D = {(xi, yi)}ni=1 and (x, y) a new point from same population

If we know p(· | x, D), then prediction done via, e.g.,

ŷ =

ˆ
yp(y | x, D) dy.
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Posterior predictive distribution

TabPFN targets the posterior predictive distribution

p(y | x, D)

where D = {(xi, yi)}ni=1 and (x, y) a new point from same population

Most methods treat D as fixed and learn the map

x 7→ p(y | x, D)

TabPFN learns the map

(x, D) 7→ p(y | x, D)
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Single population, (xi, yi) ∼ p(x, y)

D = {(xi, yi)}ni=1
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Space of all datasets, D ∼ Π(D)

D1

D2

D3

D4 D5
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Traditional Bayesian approach

p(y | x, D) =

ˆ
p(y | x, θ)p(θ | D) dθ

where

• θ ∈ Rd, e.g., θ = (β, σ2)

• p(y | x, θ) the conditional likelihood, e.g., N
(
β⊤x, σ2

)
• p(θ | D) the posterior, e.g., p(β, σ2 | D)
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• p(y | x, θ) the conditional likelihood, e.g., N
(
β⊤x, σ2

)
• p(θ | D) the posterior, e.g., p(β, σ2 | D)

To predict using PPD,

• Draw θ(i) ∼ p(θ | D)

• Draw y(i) ∼ p(y | x, θ(i))

• Monte Carlo estimate: ŷ ≈ 1
S

∑S
i=1 y

(i)
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Traditional Bayesian approach

p(y | x, D) =

ˆ
p(y | x, θ)p(θ | D) dθ

• D is fixed throughout

• Sampling from p(θ | D) can be very challenging/expensive/slow
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TabPFN approach

p(y | x, D) =

ˆ
p(y | x, θ) p(θ | D) dθ =

ˆ
θ(y | x) p(θ | D) dθ

where

• θ : X → P(Y) a conditional density, i.e., p(y | x, θ) = θ(y | x)

• p(θ | D) the posterior over an infinite-dimensional function space

• The integral is intractable
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TabPFN approach

p(y | x, D) =

ˆ
p(y | x, θ) p(θ | D) dθ =

ˆ
θ(y | x) p(θ | D) dθ

Rather than approximating this integral, train qλ such that

qλ(y | x, D) ≈ p(y | x, D)
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ˆ
p(y | x, θ) p(θ | D) dθ =

ˆ
θ(y | x) p(θ | D) dθ

Rather than approximating this integral, train qλ such that

qλ(y | x, D) ≈ p(y | x, D)

How?
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KL-divergence

The KL-divergence between probability densities p and q is

KL(p ∥ q) =

ˆ
p(y) log

p(y)

q(y)
dy

KL-divergence is a pseudo-distance: non-negative and zero iff p = q.

p q

small KL

p
q

large KL
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Key insight

Prior Π on joint distributions π(x, y) induces distribution on datasets:

• Draw π ∼ Π

• Set D = {(xi, yi)}ni=1 where (xi, yi) ∼ π

=⇒ Think of Π as “prior on space of datasets”
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Prior Π on joint distributions π(x, y) induces distribution on datasets:

• Draw π ∼ Π

• Set D = {(xi, yi)}ni=1 where (xi, yi) ∼ π

=⇒ Think of Π as “prior on space of datasets”

The minimizer of the loss

ℓλ = E(x,D)∼Π[− log qλ(y | x, D)]

is the closest point to PPD in supp(Π) wrt KL-divergence

=⇒ Train model (transformer) to find λ∗ = argminλ ℓλ
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Training

Müller, Hollmann, Arango, Grabocka, Hutter. “Transformers can do Bayesian

inference” (ICLR, 2022)
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Training

Minimize “distance” between qλ and p with respect to prior Π

supp(Π)

p

qλ
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Training

Transformer

x

D

ŷ

qλ(x, D)

Train the weights

λ

ℓλ
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TabPFN: A summary

Specify prior Π over datasets and train a transformer by minimizing

ℓλ = E(x,D)∼Π[− log qλ(y | x, D)]

tabular data

TabPFN D, xn+1 ŷn+1

D = {(xi, yi)}n
i=1
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Results

Accurate predictions on small data with a tabular
foundation model

Hollmann, Müller, Purucker, Krishnakumar, Körfer, Hoo,
Schirrmeister, Hutter

Nature, 2025
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