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Prediction

Given observed data D = {(x;,y;)}"_; and new covariates &, 11,

predict the response y,+1.-
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Tabular data

T T Zd Yy
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Tabular data

T T2 Zq 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
n+1 3.2 0 1.1 ?
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Linear regression
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Linear regression
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Tree-based methods
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Tree-based
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Tree-based methods

Single tree

Tree ensemble
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Deep learning

Neural network

C O O O
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Train the weights

min £ Ef(fe(ﬂci), i)

8 /35



Deep learning

Neural network

C O O O

O

Train the weights

min £ Ef(fe(ﬂci), i)

8 /35



Deep learning

Neural network

C O O O

O

Train the weights

min £ Ef(fe(ﬂci), i)

8 /35



Deep learning

Neural network

C O O O

O

Train the weights

min £ Ef(fe(ﬂci), i)

8 /35



Deep learning

Neural network

C O O O

O

Train the weights

min £ Ef(fe(ﬂci), i)

8 /35



A brief history

OLS Ridge Lasso

CART Random forests XGBoost

MLPs ImageNet

9/ 35



Bayesian analogues

Model class Bayesian analogue Parameters

Linear regression  Bayesian linear regression 3, o

Lasso Horseshoe, Spike & slab 3, 02, 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

Full length article

le\dnrdan:neq:bamin;lsnotaﬂywud ﬂ
Ravid Shwartz Ziv, Amitai Armon

G ok et

ARTICLE INFO ABSTRACT

vy e g e e sl o i e 0 o el . T

feey
Dot s pooe
bl o wtperon
.
oo Py
O opond s g el We o dense it XGBos, eits 7o
S i, On the kv e,
e et o Xt sl

A
11 / 35



State of the art

Full length artice
Tabular data: Deep learning isnot all you need

RavidShwart 2", Aniai Armon
17 G i

ARTICLE INFO ABSTRACT

»\qm.nw._uimm,&_.mumwaw

et abela data. Howeve, sevenl dexp lesing r-.au for

EE e e e

s balar data by rmxu_\y comparing the new RT‘H — mm“
e e
e

e
e s s e

Vol 13,04, 2003

Is Deep Learning on Tabular Data Enough? An

Assessment
st iy
-
Dottt ot s Do e
Univet o Ko oK, o

Uriveni

S . 00

Mjid Zaman’
Direcorac of T .55
Universiy of Kastinic

Seinagar, 16K, i 150006

Muheet Ahmed But*

Uiy of i
Stinagar, 1K, India- 190006

A
11 / 35



Full length artice
Tabular data: Deep learning isnot all you need

R Shars 28, A Armon
v S
—— o i s i iy v Assessment
Ty i smeds sbear data. Howeves, several des ‘models for
o T ol et ol Sk A
pearmne i e e bl by grsly comprn the new decp modl 0 XC st S
L e e e Dot ey

State of the art

e i S h Y6 o e

Universi of Kashmir, &K, India. 190006

Majid Zaman®
rectoate of IT & 85
siversit of Kashmir

Why do tree-based models still outperform deep o JAK, I 100005
learning on typical tabular data?

rinsztajn

Ga#l Varoquaux

fouard Oyallo
Soda, Inria Saclay MLIA, Sorbonne University  Soda, Inria Saclay

leo.grinsztajntinria.fr

Abstract

not clear,

‘While deep learning has enabled tremendous progress on text and image datasets,
its ive benchmarks of

pes taby
Standard and novel deep learning methods as well as tree-based models such as
XGBoost and Random Forests, across a large number of datasets and hyperparam-
eter combinations. We define a standard set of 45 datasets from varied domains
wi

tabular data and a

" -
ing for both fitting models and finding good hyperparameers. Results show that
based i state-of-the um-si K samy

tree-base

even without accounting for their superior speed.

iples)
“To understand this gap, we

‘conduct an empirical investigation into the differing inductive biases of tree-based
models and neural networks. This leads to a series of challenges which should
guide researchers aiming o build tabular-specific neural network: 1. be robust
1o uninformative features, 2. preserve the orientation of the data, and 3. be able

1o casily learn irregular functions. T

ulate research on tabular architectures,

we contribute a standard benchmark and raw data for baselines: every point of &
20000 compute hours hyperparameter scarch for each leamer.

Is Deep Learning on Tabular Data Enough? An

Sameer Kaul®

Vol 13,04, 2003

Department of Compute Sciences
Kashmir

Srina

Universiy of
. 18

Muhect Ahmed Bun*

. India- 190006

. Sciences
University of Kashmie
Stinagar, 1K, India- 190006

A
11 / 35



State of the art

Full length artice
Tabular data: Deep learning isnot all you need ]
", Amitai Armon

ABSTRACT

ARTICLE INFO
i e n sivieg e i e ol 0 iy e 7 P

Vol 13,04, 2003

Is Deep Learning on Tabular Data Enough? An

Assessment

ot et el e o ol o
il e e e o, T paper aplrs wheb e dep o
commended ption o bl Gt by

Tt pmematsaly camparig et prormance, we oo e g

i shows t oo e s docp sl s he G

3
Unine

Why do tree-based models still outperform deep

learning on typical tabular data?

Léo Grinsztajn
Soda, Inria Saclay
leo.grinsztajabinria.fr

jouard Oyallon
MLIA, Sorbonne University

Abstract

When Do Neural Nets Outperform Boosted Trees on
Tabular Data?

- oV

Duncan McElfresh* ! %, Suj; Prasad
» Sujay Khandagale’, Jonathan Valverde'
n 3 , Vi ;
?-A..:n Ramakrishnan’, Micah Goldblun, Colin Whter o
cus.AL 2 Stanford, * Pinterest, ¢ Universi
v «d, . * University of M
T Bombey,  Now Yok Universiy,” Caech

tand

‘While decp leamning has enabled tremendous progress on
ts not

its supe tab clear.
standard and novel deep learning methods as well as tree-based models such as

XGBoost and Random Forests, across a large number of datasets and hyper
eter combinations. We define a
wi

standard set of 45 datasets from varied domains

tabular data and a
ing for both fitting models and finding good hyperparameters. Result
tree-based in state-of-the um-si
even without accounting for their superior speed.
conduct an empirical investigation into the differing inductive bias
models and neural networks. This leads to a series of challenges which shoul

1

1o casily learn irregular functions. T

20000 compute hours hyperparameter scarch for each leamer.

g -
s show that
K samples)
“To understand this gap, we
es of tree-based
14
guide rescarchers aiming to build tabular-specific neural network: 1. be robus
erve the orientation of the data, and 3. be able

o stimulate rescarch on tabular architectures,
we contribute a standard benchmark and raw data for baselines: every point of

Gadl Varoquaux

Soda,Inria Saclay
Abstract

Tbulr dta s o of the ot commonly usd typesof i macine laming

s bular data,the :

dicuson on whethr oot NNsgenerly ouperton it oosed ks

ata, i
a that GBDTs

techniques may w
tehmiques may workbest on Uheir datase. Finaly wit th goal of accelerating
ular data . we release the TabZilla Benchs i i
36 handest of the ditasts we study. Our bonchmark . codeh. oo
//gienub. co / N
tabzilla,

DA
11/ 35



State of the art

Full length article

Tabular data: Deep learning is not all you need Prytyopy—3
itai Armon . .
- IsDeepLeaming on Tabular Data Enough? An
ARTICLE INFO ABSTRACT - Assessment
o W iey s n bimg b da simce bl 4 et e VT
o S e b e e T
D B e efrs e decp models crs he ot Unive

ot st o o Yhor, Pt

When Do Neural Nets Outperform Boosted Trees on

— Tabular Data?
Why do tree-based models still outperform deep -_— 00000000
learning on typical tabular data? Duncan McElfresh®! %, Sujay Khandagale’, Jonathan Valverde', Vishak Prasad C°,

Ganesh Ramakrishnan®, Micah Goldblum®, Colin White' "
* Abacus.AL * Stanford, * Pinterest, * Universiy
u X . * University of Maryland,
IIT Bombay, © New York University, ” Caltech

Léo Grinsztajn Edouard Oyallon Gaél Varoquaux
Soda, Inria S:“lay MLIA, Sorbonne University  Soda, Inria Saclay
leo.grinsztajabinria.fr Abstact

RESEARCH ARTIOLE
avst Confirming the statistically significant
eyt SUPeriority of tree-based machine learning (et iCioT

its superiority on tabular data is not cle: l . ‘ "
standard and novel decp learning methc R S . I s work, we ke
e e soss. AIBOTTthMS Over their counterparts for tabular ©sem o seate
eter combinations. We define a standar data vel.gmp)u;.md oo 16 i,
 difference between GBDTS and
ing for both fitting models and finding | ons G reen GD d
tree-based models remain state-of-the-s - Shahadat Uddin ¢ *, Haohui Lu e analyze dozens of metafeatures
even without accounting for their sup. g #
e it msigtion o . i
models and neural networks. This lea Australia 9. Sydney, Forest Lodge, NSW, utions and other forms of dataset
guide rescarchers aiming © ‘build tabt e ienation of the data,and 5+ dly, with the
informative features, 2. preserve the orientat X e v . fraciionrs o determine whi
b e, & e e TS i e e st S P
we contribute a standard benchmark and raw data for baselines: every point of a 3 ‘ardst of the datasets we study. Our benchmark suite, codebase, and all raw
20000 compute hours hyperparameter search for cach learer. results are available at ‘thub. con/naszi ebase

types of data in machine learning.
tabular data, there i

] [ = =




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

11 / 35
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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
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Posterior predictive distribution

TabPFN targets the posterior predictive distribution

ply [ =, D)

where D = {(=z;,y;)}; and (z,y) a new point from same population
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Posterior predictive distribution

TabPFN targets the posterior predictive distribution

ply [ =, D)

where D = {(=z;,y;)}; and (z,y) a new point from same population

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

y:/ypmw,D)dy.
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Posterior predictive distribution

TabPFN targets the posterior predictive distribution

ply [ =, D)

where D = {(=z;,y;)}; and (z,y) a new point from same population

Most methods treat D as fixed and learn the map
xz — ply|x,D)
TabPFN learns the map

(x, D) = ply| =, D)
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Single popula’tiOIh ($i7 yz) ~ p(wa y)

D= {(mz, yi)};,:l
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Space of all datasets, D ~ II(D)
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Traditional Bayesian approach

p(y | D) = / p(y | ©.0)p(0 | D) db

where
e 0 c R eg., 0= (B,0%)
® p(y | x,0) the conditional likelihood, e.g., N (5—'—:1:702)
® p(0 | D) the posterior, e.g., p(3,0% | D)
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Traditional Bayesian approach

p(y | D) = / p(y | ©.0)p(0 | D) db

where
e 0 c R eg., 0= (B,0%)
® p(y | x,0) the conditional likelihood, e.g., N (5—'—:1:702)
® p(0 | D) the posterior, e.g., p(3,0% | D)
To predict using PPD,
e Draw 0 ~ p(# | D)
* Draw y@ ~ p(y | z,00))
¢ Monte Carlo estimate: § ~ %Zle y®
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Traditional Bayesian approach

p(y | D) = / p(y | ©.0)p(0 | D) db

® D is fixed throughout

® Sampling from p(f | D) can be very challenging/expensive/slow

16 / 35



TabPFN approach

p<y\m,D>=/p<y|w,e>p<o|D>d9=/0<y|x>p<0|D>d0

where

® 0: X — P(Y) a conditional density, i.e., p(y | x,0) = 0(y | )
® p(6 | D) the posterior over an infinite-dimensional function space

® The integral is intractable

17 / 35



TabPFN approach

‘ p<y\m,m:/p(ym,e)p(o|D>d0=/0<y|x>p<0|D>d0

Rather than approximating this integral, train ¢, such that

oy |z, D) =~ p(y |z, D)
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TabPFN approach

‘ p<y\m,m:/p(ym,e)p(o|D>d0=/0<y|x>p<0|D>d0

Rather than approximating this integral, train ¢, such that

oy |z, D) =~ p(y |z, D)

How?
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KL-divergence

The KL-divergence between probability densities p and ¢ is

KL(pllq) = /p(y) logzgzgdy

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

small KL large KL
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Key insight

Prior II on joint distributions 7(x,y) induces distribution on datasets:

® Draw m ~ II

® Set D = {(x;,v:)}"-, where (z;,y;) ~ 7

= Think of IT as “prior on space of datasets”
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Key insight

Prior II on joint distributions 7(x,y) induces distribution on datasets:

® Draw m ~ II

® Set D = {(x;,v:)}"-, where (z;,y;) ~ 7
= Think of IT as “prior on space of datasets”

The minimizer of the loss

lx = E(z,p)~u[—logqr(y | =, D)]

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

= Train model (transformer) to find A, = argmin, £,
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Training

Algorithm 1: Training a PFN model by Fitting Prior-Data
Input :A prior distribution over datasets p(D), from which samples can be drawn and the
number of samples K to draw
Output : A model gy that will approximate the PPD
Initialize the neural network gy;
for j < 1to K do
Sample D U {(zi,3:)} %1 ~ p(D);
Compute stochastic loss approximation %y = 37" | (— log go(ys|z:, D));
Update parameters 6 with stochastic gradient descent on Volo;
end

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

inference” (ICLR, 2022)
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Training

Minimize “distance” between ¢y and p with respect to prior II
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Training
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Training

Transformer Train the weights
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TabPFN: A summary

Specify prior II over datasets and train a transformer by minimizing

lx = E(,py~ni[—loggx(y | x, D)]

1
[ — @) oe s (G

tabular data
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Results

Accurate predictions on small data with a tabular
foundation model

Hollmann, Miiller, Purucker, Krishnakumar, Koérfer, Hoo,
Schirrmeister, Hutter

Nature, 2025

25 / 35



The main advantage of TabPFN over all baselinesisitsinherent abil-
ity to model uncertainty at no extra cost. Whereas classical regression
methods output asinglereal-valued prediction, TabPFN returnsatarget
distribution, capturing the uncertainty of predictions. These uncer-
tainty modelling abilities of TabPFN extend beyond simple distribu-
tions and can handle complex, multi-modal distributions. Figure 3b
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Quantitative analysis

We quantitatively evaluate TabPFN on two dataset collections: the
AutoML Benchmark®® and OpenML-CTR23%. These benchmarks com-
prise diverse real-world tabular datasets, curated for complexity, rel-
evance and domain diversity. From these benchmarks, we use the 29
classification datasets and 28 regression datasets that have upto10,000
samples, 500 features and 10 classes. We further evaluated additional
benchmark suites fromrefs. 14,15, as well as five Kaggle competitions
from the Tabular Playground Series.

We compared TabPFN against state-of-the-art baselines, including
tree-based methods (random forest*®, XGBoost (XGB)’, CatBoost®,
LightGBM®), linear models, support vector machines (SVMs)* and
MLPs>,

Evaluation metricsinclude ROCAUC (areaunder the receiver operat-
ing characteristic curve; One-vs-Rest) and accuracy for classification,
and R? (coefficient of determination) and negative RMSE (root mean
squared error) for regression. Scores were normalized per dataset,
with 1.0 representing the best and 0.0 the worst performance with
respect to all baselines.

Foreach dataset and method, we ran10 repetitions with different ran-
domseeds and train-test splits (90% train, 10% test). We tuned hyper-
parameters using randomsearch with five-fold cross-validation, with
time budgets ranging from 30 s to 4 h. Allmethods were evaluated using
eight CPU cores, with TabPFN additionally using a consumer-grade GPU
(RTX 2080 Ti; other methods did not benefit from this, see Extended
Data Fig. 2d). TabPFN was pre-trained once using eight NVIDIA RTX
2080 GPUs over 2 weeks, allowing for ICL on all new datasetsin asingle
forward pass. These modest computational requirements make similar
research accessible to academic labs. For details, refer to the section
‘Detailed evaluation protocol’.
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Extended Data Table 3| List of i ification tasks
Name OpenMLID  Domain Features Samples Targets Categorical
eats.
ada 41156 Census a8 4147 2 0
Australian 40081 Finance 14 690 2 8
blood-transfusion-service-center | 1464 Healthcare 4 748 2 0
car 40975 Automotive 6 1728 4 6
chumn 40701 Telecommunication 20 5000 2 4
cme 23 Public Health 9 1473 3 7
credit-g 31 Finance 20 1000 2 13
dna 40670 Biology 180 3186 3 180
eucalyptus 188 Agriculture 19 736 5 5
first-order-theorem-proving 1475 Computational Logic 51 6118 6 0
GesturePhase Segmentation Pro-{4538 Human-Computer  Interac- 32 9873 5 o
cessed tion
jasmine 41143 Natural Language Processing 144 2984 2 136
kel 1067 Software Engineering 21 2109 2 0
kr-vs-kp 3 Game Strategy 36 3196 2 36
madeline 41144 Artificial 259 3140 2 0
mfeat-factors 12 Handwriting Recognition 216 2000 10 0
ozone-level-8hr 1487 Environmental 72 2534 2 0
pca 1049 Software Engineering 37 1458 2 0
philippine 41145 Bioinformatics 308 5832 2 0
phoneme 1489 Audio 5 5404 2 0
gsar-biodeg 1494 Environmental a1 1055 2 0
satellite 40900 Environmental Science 36 5100 2 0
segment 40084 Computer Vision 16 2310 7 0
steel-plates-fault 20082 Industrial 27 1941 7 0
sylvine 41146 Environmental Science 20 5124 2 0
vehicle 54 Image Classification 18 846 4 0
wilt 40983 Environmental 5 4839 2 0
wine-quality-white 40498 Food and Beverage 1 4898 7 0
yeast 181 Biology 8 1484 10 0
Benchmark™ plexity,

relevance, and domain diversity.




Extended Data Table 4| for pi i tasks

Name OpenMLID  Domain Features Samples Categorcal Fea-
res

abalone 42726 Marine Biology 8 2177 1
airfoil_self_noise 44957 Aerospace Engineering 5 1503 0
auction_verification 44958 Economics 7 2043 2
boston 531 Real Estate 13 506 2
cars 44994 Automotive Engineering 17 804 0
colleges 42727 Education 2 7063 12
concrete_compressive_strength | 44959 Materials Science 8 1030 0
cpu_activity 44978 Computer Engineering 21 8192 0
energy_efficiency 44960 Architectural Engineering 8 768 0
geographical_origin _of_music | 44965 Music Information Retrieval 116 1059 0
grid_stability 44973 Power Systems Engineering 12 10000 0
house_prices_nominal 42563 Real Estate 79 1460 a3
kingnm 44980 Robotics 8 8192 0
Mercedes_Benz_Greener_ Manu- | 42570 Manufacturing 376 4209 8
facturing
MIP-2016-regression 43071 Operations Research 144 1090 1
Moneyball 41021 Sports Analytics 14 1232 6
pumadyn32nh 44981 Robotics 32 8192 0
QSAR_fish_toxicity 44970 Toxicology 6 908 0
quake 550 Geophysics 3 2178 0
SATL1-HAND-runtime- 41980 Computational Logic 116 4440 1
regression
sensory 546 Food Science 1 576 1
socmob 541 Sociology 5 1156
space_ga 507 Political Science 6 3107 0
student_performance 44967 Education 30 649 17
tecator 505 Food Science 124 240 0
topo_2_1 422 Cheminformatics 266 8385 0
us_crime 42730 Criminology 126 1994 0
yprop_4_1 416 Cheminformatics 251 8885 0

for complaxiy, relevance, and domain diversity.
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Uninformative features Outlier factor
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Missing values Categorical features
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Data density estimation Synthetic data generation
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